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Preface 



Automation via feedback is not new. Early application of automatic control prin¬ 
ciples appeared in antiquity, and widespread use of automation began in the nine¬ 
teenth century when machinery was becoming the dominant method for manu¬ 
facturing goods. Great advances have been made in theory and practice so that 
automation is now used in systems as commonplace as room heating and as excit¬ 
ing as the navigation of interplanetary exploration and telecommunications. The 
great change over the recent years is the integral—at times essential—role of au¬ 
tomation in our daily lives and industrial systems. 

Process control is a sub-discipline of automatic control that involves tailoring 
methods for the efficient operation of chemical processes. Proper application of 
process control can improve the safety and profitability of a process, while main¬ 
taining consistently high product quality. The automation of selected functions 
has relieved plant personal of tedious, routine tasks, providing them with time and 
data to monitor and supervise operations. Essentially every chemical engineer de¬ 
signing or operating plants is involved with and requires a background in process 
control. This book provides an introduction to process control with emphasis on 
topics that are of use to the general chemical engineer as well as the specialist. 

GOALS OF THE BOOK 

The intent of this book is to present fundamental principles with clear ties to 
applications and with guidelines on their reduction to practice. The presentation 
is based on four basic tenets. 


• • • 
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Preface 


Fundamentals 

First, engineers should master control technology fundamentals, since there is no 
set of heuristics or guidelines that can serve them through their careers. Since 
these fundamentals must be presented with rigor, needed mathematical tools are 
presented to assist the student. It may be worth recalling that these principles were 
selected because they provide the simplest approaches for solving meaningful 
problems. 

Practice 

Second, we are not efficient if we “start from scratch” every time we encounter 
a problem; similar situations can be analyzed to develop guidelines for a defined 
set of applications. Also, the fundamental concepts can be best reinforced and 
enriched through the presentation of good engineering practice. With this per¬ 
spective, important design guidelines and enhancements are presented as logical 
conclusions and extensions to the basic principles. Coverage of implementation 
issues includes pitfalls with the straightforward “textbook” approaches along with 
modifications for practical application. 

Complexity 

Third, the presentation in this book follows the guideline “Everything should be 
made as simple as possible, and no simpler.” Naturally, many issues are easily 
resolved using straightforward analysis methods. However, the engineer must un¬ 
derstand the complexity of automating a system, even when a closed-form solution 
does not exist at the present time. 

Design 

Fourth, design is a capstone topic that enables engineers to specify, build and oper¬ 
ate equipment that satisfies predetermined goals. Currently, closed-form solutions 
do not exist for this activity; thus, a comprehensive design method for managing 
the numerous interlocking design tasks is presented along with a step-by-step ap¬ 
proach to guide the engineer through problem definition, preliminary analysis of 
degrees of freedom and controllability, and selecting process and control structures. 
Many guidelines, checklists, and examples aid the student in making well-directed 
initial decisions and refining them through iterations to achieve the design goals. 

THE READERS 

Hopefully, readers with different backgrounds will find value in this treatment of 
process control. A few comments are now addressed to the three categories of 
likely readers of this book: university students, instructors, and practitioners. 

Students 

Many students find process control to be one of the most interesting and enjoyable 
courses in the curriculum, because they apply the skills built in fluid mechanics, 
heat transfer, thermodynamics, mass transfer, and reactor design. This presentation 



emphasizes the central role of the process in the performance of control systems. 
Therefore, dynamic process modelling is introduced early and applied throughout 
the book. To help students, realistic process systems are studied in solved examples. 

The student may notice two important differences from other courses. First, 
process control is often concerned with operating plants in which process equip¬ 
ment has been built. Thus, the proper answer to the question “how can the exchanger 
outlet temperature be raised to 56°C?” is not “increase the heat transfer area”; per¬ 
haps, the modification to operation would be “increase the heating medium flow 
rate.” Second, process control must operate over a wide range of conditions in 
which the process behavior will change; thus, the engineer must design controls 
for good performance with an imperfect knowledge of the plant. Deciding op¬ 
erating policies for imperfectly known, non-linear processes is challenging but 
provides an excellent opportunity to apply skills from previous courses, while 
building expertise in process control. 

Instructors 

The book is flexible enough to enable each instructor to structure a course covering 
basic concepts and containing the instructor’s special insights, perhaps placing 
more emphasis on instrumentation, mathematical analysis, or a special process 
type, such as pulp and paper or polymer processing. The fundamental topics have 
been selected to enable subsequent study of many processes, and the organization 
of the last three parts of the book allows the selection of material most suited for 
a particular course. 

The material in this course certainly exceeds that necessary for a single¬ 
semester course. In a typical first course, instructors will cover most of Parts I—III 
along with selected topics from the remainder of the book. A second semester 
course can be built on the multivariable and design material, along with some non¬ 
linear simulations of chemical process like binary distillation. Finally, some of the 
topics in this book should be helpful in other courses. In particular, topics in Parts 
IV-VI (e.g., selection of sensors, manipulated variables and inferential variables) 
could be integrated into the process design course. In addition, the analyses of 
operating windows, degrees of freedom, and controllability are facilitated by the 
use of flowsheeting programs used in a design course. 

Practitioner 

This book should be useful to practitioners who are building their skills in process 
control, because fundamental concepts are reduced to practice throughout. The 
development of practical correlations, design rules, and guidelines are explained 
so that the engineer understands the basis, correct application and limitations of 
each. These topics should provide a foundation for developing advanced expertise 
in empirical model building, loop pairing, centralized Model Predictive Control, 
statistical process monitoring and optimization. 

COMPUTER TOOLS AND LEARNING AIDS 

Computers find extensive application in process control education, because many 
calculations in process control education are too time-consuming to be performed 



by hand. To enable students to concentrate on principles and investigate multiple 
cases, the Software Laboratory has been developed to complement the topics in 
this book. The software is based on the popular MATLAB™ system. A User’s 
Manual provides documentation on the programs and provides extra problems 
that students can solve using the software. 

Computers can also provide the opportunity for interactive learning tools, 
which pose questions, give students hints, and provide solutions. The Process 
Control Interactive Learning Modules have been developed to help students en¬ 
hance their knowledge through self-study. This is available via the WEB. 

To learn about these and other complementary learning materials, visit the 
Internet site established at McMaster University for process control education, 
http://www.pc-education.mcmaster.ca. 
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Symbols and 
Acronyms 



Process control uses many symbols in equations and drawings. The equation sym¬ 
bols are presented here, and the drawing symbols are presented along with common 
process sketches in Appendix A. The symbols selected for this Table are used mul¬ 
tiple times in the book and explained only where they are first used. If a symbol is 
used only once and explained where used, it is not included in this table. Each entry 
gives a short description and where appropriate, a reference is given to enable the 
reader to quickly find further explanation of the symbol and related technology. 


Symbol 

Description and reference 

A 

Cross-sectional area of a vessel 

Ai 

Fraction of component i 

AR 

Amplitude ratio, equations (4.70) and (4.72) 

A/D 

Analog to digital signal conversion, Figure 11.1 

C 

Concentration (mol/m 3 ); subscript indicates component 

CDF 

Control design form. Table 24.1 

c p 

Heat capacity at constant pressure 

Process capability, equation (26.7) 

Cpk 

Process capability, equation (26.8) 

c v 

Heat capacity at constant volume 

Valve characteristic relating pressure, orifice opening, and flow 
through an orifice, equation (16.13) 



xxvi 

Symbol 

Description and reference 


CSTR 

Continuous-flow stirred-tank chemical reactor 

Symbols and 

Acronyms 

CV 

Controlled variable 


cv, 

Inferential controlled variable 


CV* 

Future values of the controlled variable due to past changes in 
manipulated variable 


cv m 

Measured value of the controlled variable 


D 

Disturbance to the controlled process 


D(s) 

Denominator of transfer function, characteristic polynomial, 
equation (4.42) 


DCS 

Digital control system in which control calculations are 
performed via digital computation 


DMC 

Dynamic matrix control, Chapter 23 


DOF 

Degrees of freedom, Table 3.2 


D/A 

Digital-to-analog signal conversion. Figure 11.1 


E 

Error in the feedback control system, set point minus controlled 
variable, Figures 8.1 and 8.2 

Activation energy of chemical reaction rate constant, 
k = k 0 e- E ' RT 


E* 

Future errors due to past manipulated variable changes 


F 

Flow; units are in volume per time unless otherwise specified 


fc 

Fail close valve 


F c 

Flow of coolant 


Fd 

Flow rate of distillate 


F h 

Flow of heating medium 


fo 

Fail open valve 


Fr 

Flow rate of reflux in distillation tower 


/tune 

Detuning factor for multiloop PID control, equation (21.8) 


Fv 

Flow rate of vapor from a reboiler 



Largest expected change in flow rate, used to tune level 
controllers, equations (18.12) and (18.13) 


G(s) 

Transfer function, defined in equation (4.45) for continuous 
systems and equation (L.14) for digital systems 

The following are the most commonly used transfer functions: 
The argument (s) denotes continuous systems. If digital, replace 
with (z). 

G c (s) = feedback controller transfer function (see Figure 8.2) 
Gd(s) = disturbance transfer function 

G p (s) = feedback process transfer function 

G s (s) = sensor transfer function 

G v (s) = valve (or final element) transfer function 



Symbol Description and reference 

G cp (s ) = controller transfer function in IMC (predictive 
control) structure, Figure 19.2 

G/(s ) = filter transfer function which influences dynamics but 
has a gain of 1.0 

Gff(s) = feedforward controller, equation (15.2) 

Gjj(s) = transfer function between input j and output i in a 
multivariable system; see Figure 20.4 
G m (s ) = model transfer function in IMC (predictive control) 
structure, Figure 19.2 

Gm (s) = noninvertible part of the process model used for 
predictive control, equation (19.14) 

G~ ( s ) = invertible part of the process model used for predictive 
control, equation (19.14) 

Gol(s ) = “open-loop” transfer function, i.e., all elements in 
the feedback loop, equation (10.24) 

h Film heat transfer coefficient 

H Enthalpy, equation (3.5) 

HSS High signal select, Figure 22.9 

A H c Heat of combustion 

A H rxn Heat of chemical reaction 

I Constant to be determined by initial condition of the problem 

IAE Integral of the absolute value of the error, equation (7.1) 

IE Integral of the error, equation (7.4) 

IF Integrating factor, Appendix B 

IMC Internal model control; see Section 19.3 

ITAE Integral of the product of time and the absolute value of the error, 

equation (7.3) 

ISE Integral of the error squared, equation (7.2) 

k Rate constant of chemical reaction 

koe~ E/RT Rate constant of chemical reaction with temperature dependence 

K Matrix of gains, typically the feedback process gains 

K c Feedback controller gain (adjustable parameter), Section 8.4 

Ki Vapor-liquid equilibrium constant for component i 

Kjj Steady-state gain between input j and output i in a multivariable 

system, equation (20.11) 

K p Steady-state process gain, (Aoutput/Ainput) 

kT se nse An additional term to specify the sign of feedback control when 

the controller gain is limited to positive numbers, 
equation (12.12) 

K u Value of the controller gain (K c ) for which the feedback system 

is at the stability limit, equation (10.40) 
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Symbols and 
Acronyms 


Symbol 

L 

C 

LSS 

ALmax 


MIMO 

MPC 

MV 

MW 

N(s) 

NE 

NV 

OCT 

P 

Pj 

PB 

Pu 

A P 

PI 

PID 

Q 

QDMC 

n 

R 

RDG 

RGA 

RVP 

S 


SIS 

SP 

SPC 


Description and reference 

Level 

Laplace transform operator, equation (4.1) 

Low signal select, Figure 22.9 

Largest allowed deviation in the level from its set point due 
to a flow disturbance, used to tune level controllers, equations 
(18.12) and (18.13) 

Multiple input and multiple output 
Model predictive control 
Manipulated variable, Figure 8.2 
Molecular weight 

Numerator of transfer function, equation (4.42) 

Number of equations 
Number of variables 

Octane number of gasoline, equation (26.3 b) 

Pressure 

Period of oscillation 

Performance at operation (interval) j, equation (2.3) 
Proportional band, Section 12.4 

Ultimate period of oscillation of feedback system at its stability 
limit, equation (10.40) 

Pressure difference 

Proportional-integral control algorithm; see Section 8.7 

Proportional-integral-derivative control algorithm; see 
Section 8.7 

Heat transferred 

Quadratic Dynamic Matrix Control 

Rate of formation of component i via chemical reaction 

Gas constant 

Relative disturbance gain, equation (21.11) 

Relative gain array, equation (20.25) 

Reid vapor pressure of gasoline, equation (26.3 a) 

Laplace variable, equation (4.1) 

Maximum slope of system output during process reaction curve 
experiment, Figure 6.3 

Variance (square of standard deviation) for a sample 
Safety interlock system, Section 24.8 
set point for the feedback controller. Figure 8.2 
Statistical process control, Section 26.3 



Symbol 

Description and reference 

xxix 

t 

Time 


T 

Temperature 

Symbols and 
Acronyms 

T a 

Ambient temperature 


Td 

Derivative time in proportional-integral-derivative (PID) 
controller, Section 8.6 


T, 

Integral time in proportional-integral-derivative (PID) 
controller. Section 8.5 


T, d 

Lead time appearing in the numerator of the transfer function; 
when applied to feedforward controller, see equation (15.4) 


Tig 

Lag time appearing in the denominator of the transfer function; 
when applied to feedforward controller, see equation (15.4) 


oo 

Time for the output of a system to attain 28% of its steady-state 
value after a step input, Figure 6.4 


t63% 

Time for the output of a system to attain 63% of its steady-state 
value after a step input, Figure 6.4 


At 

Time step in numerical solution of differential equations 
(Section 3.5), time step in empirical data used for fitting 
dynamic model (Section 6.4), or the execution period of a digital 
controller (equation 11.6) 


AT 

Temperature difference 


Tr 

Reset time, Section 12.4 


U 

Internal energy, equations (3.4) and (3.5) 


U(t) 

Unit step, equation (4.6) 


UA 

Product of heat transfer coefficient and area 


V 

Valve stem position, equivalent to percent open 


V 

Volume of vessel 


W 

Work 


Xi 

Fraction of component i (specific component shown in 
subscript) 


X B 

Mole fraction of light key component in distillation bottoms 
product 


x D 

Mole fraction of light key component in the distillate product 


X F 

Mole fraction of light key component in the distillation feed 


z 

Variable in ^-transform. Appendix L 


Z 

Z-transform operator, Appendix L 


Greek Symbols 



a 

Relative volatility 

Root of the characteristic polynomial, equation (4.42) 


S 

Size of input step change in process reaction curve. Figure 6.3 
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Symbol 

Description and reference 


A 

Change in variable 

Symbols and 


Size of output change at steady state in process reaction curve, 

Acronyms 


Figure 6.3 


<t> 

Phase angle between input and output variables in frequency 
response, equation (4.73) and Figure 4.9 


r 

Dead time in discretee time steps, Section F.2, and equation (F.7) 


V 

Thermal efficiency, equation (26.1) 


X 

Heat of vaporization 


Xij 

Relative gain. Section 20.5 


e 

Dead time, Examples 4.3, 6.1 

Q d = disturbance dead time 

dij = dead time between input j and output i 

6 m — model dead time 

0 p = feedback process dead time 


p 

Density 


cr 

Standard deviation of population 


X 

Time constant 



x d = disturbance time constant 

Xf = filter time constant 

r ij = time constant between input j and output / 

x m = model time constant 

x p = feedback process time constant 


0) 

Frequency in radians/time 


co c 

Critical frequency, in radians/time, Section 10.7 



Frequency of disturbance sine input 


$ 

Damping coefficient for second-order dynamic system, 
equation (5.5) 



Introduction 



There is an old adage, “If you do not know where you are going, any path will do.” 
In other words, a good knowledge of the goal is essential before one addresses the 
details of a task. Engineers should keep this adage in mind when studying a new, 
complex topic, because they can easily become too involved in the details and lose 
track of the purpose of learning the topic. Process control is introduced in this first, 
brief part of the book so that the reader will understand the overall goal of process 
automation and appreciate the need for the technical rigor of the subsequent parts. 

The study of process control introduces a new perspective to the mastery of 
process systems: dynamic operation. Prior engineering courses in the typical cur¬ 
riculum concentrate on steady-state process behavior, which simplifies early study 
of processes and provides a basis for establishing proper equipment sizes and de¬ 
termining the best constant operating conditions. However, no process operates at a 
steady state (with all time derivatives exactly zero), because essentially all external 
variables, such as feed composition or cooling medium temperature, change. Thus, 
the process design must consider systems that respond to external disturbances and 
maintain the process operation in a safe region that yields high-quality products in a 
profitable manner. The emphasis on good operation, achieved through proper plant 
design and automation, requires a thorough knowledge of the dynamic operation, 
which is introduced in this part and covered thoroughly in Part II. 

In addition, the study of process control introduces a major new concept: feed¬ 
back control. This concept is central to most automation systems that monitor a 
process and adjust some variables to maintain the system at (or near) desired con¬ 
ditions. Feedback is one of the topics studied and employed by engineers of most 
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PARTI 

Introduction 


subdisciplines, and chemical engineers apply these principles to heat exchang¬ 
ers, mass transfer equipment, chemical reactors, and so forth. Feedback control is 
introduced in this part and covered in detail in Part HI. 

Finally, the coverage of these topics in this part is qualitative, because it 
precedes the introduction of mathematical tools. This qualitative presentation is 
not a shortcoming; rather, the direct and uncomplicated presentation provides a 
clear and concise discussion of some central ideas in the book. The reader is advised 
to return to Part I to clarify the goals before beginning each new part of the book. 



Introduction to 
Process Control 



1.1 a INTRODUCTION 

When observing a chemical process in a plant or laboratory, one sees flows surg¬ 
ing from vessel to vessel, liquids bubbling and boiling, viscous material being 
extruded, and all key measurements changing continuously, sometimes with small 
fluctuations and other times in response to major changes. The conclusion imme¬ 
diately drawn is that the world is dynamic! This simple and obvious statement 
provides the key reason for process control. Only with an understanding of tran¬ 
sient behavior of physical systems can engineers design processes that perform 
well in the dynamic world. In their early training, engineering students learn a 
great deal about steady-state physical systems, which is natural, because steady- 
state systems are somewhat easier to understand and provide appropriate learning 
examples. However, the practicing engineer should have a mastery of dynamic 
physical systems as well. This book provides the basic information and engineer¬ 
ing methods needed to analyze and design plants that function well in a dynamic 
world. 

Control engineering is an engineering science that is used in many engineering 
disciplines—for example, chemical, electrical, and mechanical engineering—and 
it is applied to a wide range of physical systems from electrical circuits to guided 
missiles to robots. The field of process control encompasses the basic principles 
most useful when applied to the physicochemical systems often encountered by 
chemical engineers, such as chemical reactors, heat exchangers, and mass transfer 
equipment. 
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Control 



Final element 


FIGURE 1.1 

Example of feedback control for steering 
an automobile. 



(final element) 


FIGURE 1.2 

Example of feedback control for 
controlling room temperature. 


Since the principles covered in this book are basic to most tasks performed by 
chemical engineers, control engineering is not a narrow specialty but an essential 
topic for all chemical engineers. For example, plant designers must consider the 
dynamic operation of all equipment, because the plant will never operate at steady 
state (with time derivatives exactly equal to zero). Engineers charged with oper¬ 
ating plants must ensure that the proper response is made to the ever-occurring 
disturbances so that operation is safe and profitable. Finally, engineers perform¬ 
ing experiments must control their equipment to obtain the conditions prescribed 
by their experimental designs. In summary, the task of engineers is to design, 
construct, and operate a physical system to behave in a desired manner, and an 
essential element of this activity is sustained maintenance of the system at the 
desired conditions—which is process control engineering. 

As you might expect, process control engineering involves a vast body of ma¬ 
terial, including mathematical analysis and engineering practice. However, before 
we can begin learning the specific principles and calculations, we must understand 
the goals of process control and how it complements other aspects of chemi¬ 
cal engineering. This chapter introduces these issues by addressing the following 
questions: 

• What does a control system do? 

• Why is control necessary? 

• Why is control possible? 

• How is control done? 

• Where is control implemented? 

• What does control engineering “engineer”? 

• How is process control documented? 

• What are some sample control strategies? 

1.2 n WHAT DOES A CONTROL SYSTEM DO? 

First, we will discuss two examples of control systems encountered in everyday 
life. Then, we will discuss the features of these systems that are common to most 
control systems and are generalized in definitions of the terms control andfeedback 
control. 

The first example of a control system is a person driving an automobile, as 
shown in Figure 1.1. The driver must have a goal or objective; normally, this would 
be to stay in a specific lane. First, the driver must determine the location of the 
automobile, which she does by using her eyes to see the position of the automobile 
on the road. Then, the driver must determine or calculate the change required to 
maintain the automobile at its desired position on the road. Finally, the driver must 
change the position of the steering wheel by the amount calculated to bring about 
the necessary correction. By continuously performing these three functions, the 
driver can maintain the automobile very close to its desired position as disturbances 
like bumps and curves in the road are encountered. 

The second example is the simple heating system shown in Figure 1.2. The 
house, in a cold climate, can be maintained near a desired temperature by circulat¬ 
ing hot water through a heat exchanger. The temperature in the room is determined 
by a thermostat, which compares the measured value of the room temperature to 






a desired range, say 18 to 22°C. If the temperature is below 18°C, the furnace and 
pump are turned on, and if the temperature is above 22°C, the furnace and pump 
are turned off. If the temperature is between 18 and 22°C, the furnace and pump 
statuses remain unchanged. A typical temperature history in a house in given in 
Figure 1.3, which shows how the temperature slowly drifts between the upper and 
lower limits. It also exceeds the limits, because the furnace and heat exchanger 
cannot respond immediately. This approach is termed “on/off” control and can 
be used when precise control at the desired value is not required. We will cover 
better control methods, which can maintain important variables much closer to 
their desired values, later in this book. 

Now that we have briefly analyzed two control systems, we shall identify 
some common features. The first is that each uses a specific value (or range) as a 
desired value for the controlled variable. When we cover control calculations in 
Part HI, we will use the term set point for the desired value. Second, the conditions 
of the system are measured; that is, all control systems use sensors to measure 
the physical variables that are to be maintained near their desired values. Third, 
each system has a control calculation, or algorithm, which uses the measured and 
the desired values to determine a correction to the process operation. The control 
calculation for the room heater is very simple (on/off), whereas the calculation 
used by the driver may be very complex. Finally, the results of the calculation 
are implemented by adjusting some item of equipment in the system, which is 
termed the final control element, such as the steering wheel or the furnace and 
pump switches. These key features are shown schematically in Figure 1.4, which 
can be used to represent many control systems. 

Now that we have discussed some common control systems and identified key 
features, we shall define the term control. The dictionary provides the definition 
for the verb control as “to exercise directing influence.” We will use a similar 
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What Does a Control 
System Do? 



Typical dynamic response of the room 
temperature when controlled by on/off 
feedback control. 


Desired 

value 



FIGURE 1.4 


Schematic diagram of a general feedback control system showing 
the sensor, control calculation based on a desired value, and final 

element. 
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definition that is adapted to our purposes. The following definition suits the two 
physical examples and the schematic representation in Figure 1.4. 


Control (verb): To maintain desired conditions in a physical system by adjusting 
selected variables in the system. 


The control examples have an additional feature that is extremely important. 
This is feedback, which is defined as follows: 


Feedback control makes use of an output of a system to influence an input to the 
same system. 


For example, the temperature of the room is used, through the thermostat on/off 
decision, to influence the hot water flow to the exchanger. When feedback is em¬ 
ployed to reduce the magnitude of the difference between the actual and desired 
values, it is termed “negative feedback.” Unless stated otherwise, we will always 
be discussing negative feedback and will not use the modifier negative. In the so¬ 
cial sciences and general vernacular, the phrase “negative feedback” indicates an 
undesirable change, because most people do not enjoy receiving a signal that tells 
them to correct an error. Most people would rather receive “positive feedback,” 
a signal telling them to continue a tendency to approach the desired condition. 
This difference in terminology is unfortunate; we will use the terminology for 
automatic control, with “negative” indicating a change that tends to approach the 
desired value, throughout this book without exception. 

The importance of feedback in control systems can be seen by considering the 
alternative without feedback. For example, an alternative approach for achieving 
the desired room temperature would set the hot water flow based on the measured 
outside temperature and a model of the heat loss of the house. (This type of predic¬ 
tive approach, termed feedforward, will be encountered later in the book, where its 
use in combination with feedback will be explained.) The strategy without feedback 
would not maintain the room near the desired value if the model had errors—as 
it always would. Some causes of model error might be changes in external wind 
velocity and direction or inflows of air through open windows. On the other hand, 
feedback control can continually manipulate the final element to achieve the de¬ 
sired value. Thus, feedback provides the powerful feature of enabling a control 
system to maintain the measured value near its desired value without requiring an 
exact plant model. 

Before we complete this section, the terms input and output are clarified. 
When used in discussing control systems, they do not necessarily refer to material 
moving into and out of the system. Here, the term input refers to a variable that 
causes an output. In the steering example, the input is the steering wheel position, 
and the output is the position of the automobile. In the room heating example, the 
input is the fuel to the furnace, and the output is the room temperature. It is essential 
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to recognize that the input causes the output and that this relationship cannot be 
inverted. The causal relationship inherent in the physical process forces us to select 
the input as the manipulated variable and the output as the measured variable. 
Numerous examples with selections of controlled and manipulated variables are 
presented in subsequent chapters. 

Therefore, the answer to the first question about the function of control is, “A 
feedback control system maintains specific variables near their desired values by 
applying the four basic features shown in Figure 1.4.” Understanding and designing 
feedback control systems is a major emphasis of this book. 

1.3 □ WHY IS CONTROL NECESSARY? 

A natural second question involves the need for control. There are two major 
reasons for control, which are discussed with respect to the simple stirred-tank 
heat exchanger shown in Figure 1.5. The process fluid flows into the tank from a 
pipe and flows out of the tank by overflow. Thus, the volume of the tank is constant. 
The heating fluid flow can be changed by adjusting the opening of the valve in the 
heating medium line. The temperature in the tank is to be controlled. 

The first reason for control is to maintain the temperature at its desired value 
when disturbances occur. Some typical disturbances for this process occur in the 
following variables: inlet process fluid flow rate and temperature, heating fluid 
temperature, and pressure of the heating fluid upstream of the valve. As an exercise, 
you should determine how the valve should be adjusted (opened or closed) in 
response to an increase in each of these disturbance variables. 

The second reason for control is to respond to changes in the desired value. For 
example, if the desired temperature in the stirred-tank heat exchanger is increased, 
the heating valve percent opening would be increased. The desired values are 
based on a thorough analysis of the plant operation and objectives. This analysis 
is discussed in Chapter 2, where the main issues are arranged in seven categories: 


Why Is Control 
Possible? 



FIGURE 1.5 

Schematic drawing of a stirred-tank 
heating process. 


1. Safety 

2. Environmental protection 

3. Equipment protection 

4. Smooth plant operation and production rate 

5. Product quality 

6. Profit optimization 

7. Monitoring and diagnosis 

These issues are translated to values of variables—temperatures, pressures, flows, 
and so forth—which are to be controlled. 


1.4 □ WHY IS CONTROL POSSIBLE? 

The proper design of plant equipment is essential for control to be possible and for 
control to provide good dynamic performance. Therefore, the control and dynamic 
operation is an important factor in plant design. Based on the key features of 
feedback control shown in Figure 1.4, the plant design must include adequate 
sensors of plant output variables and appropriate final control elements. The sensors 
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must respond rapidly so that the control action can be taken in real time. Sensors 
using various physical principles are available for the basic process variables (flow, 
temperature, pressure, and level), compositions (e.g., mole fraction) and physical 
properties (e.g., density, viscosity, heat of combustion). Many of these sensors are 
inserted into the process equipment, with a shield protecting them from corrosive 
effects of the streams. Others require a sample to be taken periodically from the 
process; note that this sampling can be automated so that a new sensor result is 
available at frequent intervals. The final control elements in chemical processes are 
usually valves that affect fluid flows, but they could be other manipulated variables, 
such as power to an electric motor or speed of a conveyor belt. 

Another important consideration is the capacity of the process equipment. 
The equipment must have a large enough maximum capacity to respond to all 
expected disturbances and changes in desired values. For the stirred-tank heat 
exchanger, the maximum duty, as influenced by temperature, area, and heating 
medium flow rate, must be large enough to maintain the tank temperature for 
all anticipated disturbances. This highest heat duty corresponds to the the highest 
outlet temperature, the highest process fluid flow, the lowest inlet fluid temperature, 
and the highest heat loss to the environment. Each process must be analyzed to 
ensure that adequate capacity exists. Further discussion of this topic appears in the 
next two chapters. 

Therefore, the answer to why control is possible is that we anticipate the 
expected changes in plant variables and provide adequate equipment when the plant 
is designed. The adequate equipment design for control must be calculated based 
on expected changes; merely adding extra capacity, say 20 percent, to equipment 
sizing is not correct. In some cases, this would result in waste; in other cases, the 
equipment capacity would not be adequate. If this analysis is not done properly 
or changes outside the assumptions occur, achieving acceptable plant operation 
through manipulating final control elements may not be possible. 

1.5 B HOW IS CONTROL DONE? 

As we have seen in the automobile driving example, feedback control by human 
actions is possible. In some cases, this approach is appropriate, but the continuous, 
repetitious actions are tedious for a person. In addition, some control calculations 
are too complex or must be implemented too rapidly to be performed by a person. 
Therefore, most feedback control is automated, which requires that the key func¬ 
tions of sensing, calculating, and manipulating be performed by equipment and 
that each element communicate with other elements in the control system. Cur¬ 
rently, most automatic control is implemented using electronic equipment, which 
uses levels of current or voltage to represent values to be communicated. As would 
be expected, many of the computing and some of the communication functions 
are being performed increasingly often with digital technology. In some cases 
control systems use pneumatic, hydraulic, or mechanical mechanisms to calcu¬ 
late and communicate; in these systems, the signals are represented by pressure 
or physical position. A typical process plant will have examples of each type of 
instrumentation and communication. 

Since an essential aspect of process control is instrumentation, this book intro¬ 
duces some common sensors and valves, but proper selection of this equipment for 
plant design requires reference to one of the handbooks in this area for additional 



details. Readers are encouraged to be aware of and use the general references listed 
at the end of this chapter. 

Obviously, the other key element of process control is a device to perform the 
calculations. For much of the history of process plants (up to the 1960s), control cal¬ 
culations were performed by analog computation. Analog computing devices are 
implemented by building a physical system, such as an electrical circuit or mechan¬ 
ical system, that obeys the same equations as the desired control calculation. As 
you can imagine, this calculation approach was inflexible. In addition, complex cal¬ 
culations were not possible. However, some feedback control is still implemented 
in this manner, for reasons of cost and reliability in demanding plant conditions. 

With the advent of low-cost digital computers, most of the control calculations 
and essentially all of the complex calculations are being performed by digital 
computers. Most of the principles presented in this book can be implemented 
in either analog or digital devices. When covering basic principles in this book, 
we will not distinguish between analog and digital computing unless necessary, 
because the distinction between analog and digital is not usually important as 
long as the digital computer can perform its discrete calculations quickly. Special 
aspects of digital control are introduced in Chapter 11. In all chapters after Chapter 
11, the control principles are presented along with special aspects of either analog 
or digital implementation; thus, both modes of performing calculations are covered 
in an integrated manner. 

For the purposes of this book, the answer to the question “How is control 
done?” is simply, “Automatically, using instrumentation and computation that 
perform all features of feedback control without requiring (but allowing) human 
intervention.” 

1.6 □ WHERE IS CONTROL IMPLEMENTED? 

Chemical plants are physically large and complex. The people responsible for op¬ 
erating the plant on a minute-to-minute basis must have information from much of 
the plant available to them at a central location. The most common arrangement of 
control equipment to accommodate this need is shown in Figure 1.6. Naturally, the 
sensors and valves are located in the process. Signals, usually electronic, commu¬ 
nicate with the control room, where all information is displayed to the operating 
personnel and where control calculations are performed. Distances between the 
process and central control room range from a few hundred feet to a mile or more. 
Some control is performed many miles from the process; for example, a remote oil 
well can have no human present and would rely on remote automation for proper 
operation. 

In the control room, an individual is responsible for monitoring and operating 
a section of a large, complex plant, containing up to 100 controlled variables and 
400 other measured variables. Generally, the plant never operates on “automatic 
pilot”; a person is always present to perform tasks not automated, to optimize 
operations, and to intervene in case an unusual or dangerous situation occurs, 
such as an equipment failure. Naturally, other people are present at the process 
equipment, usually referred to as “in the field,” to monitor the equipment and 
to perform functions requiring manual intervention, such as backwashing filters. 
Thus, well-automated chemical plants involve considerable interaction between 
people and control calculations. 
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Local 



Schematic representation of a typical control system showing both local 
and centralized control equipment. 


Other control configurations are possible and are used when appropriate. For 
example, small panels with instrumentation can be placed near a critical piece of 
process equipment when the operator needs to have access to the control system 
while introducing some process adjustments. This arrangement would not prevent 
the remainder of the plant from being controlled from a central facility. Also, many 
sensors provide a visual display of the measured value, which can be seen by the 
local operator, as well as a signal transmitted to the central control room. Thus, 
the local operator can determine the operating conditions of a unit, but the indi¬ 
vidual local displays are distributed about the plant, not collected in a single place 
for the local operator. 

The short answer to the location question is 

1. Sensors, local indicators, and valves are in the process. 

2. Displays of all plant variables and control calculations are in a centralized 
facility. 

It is worth noting that increased use of digital computing makes the distribution 
of the control calculation to the sensor locations practical; however, all controllers 
would be connected to a computing network that would function like a single 
computer for the purposes of the material in this book. 


1.7 a WHAT DOES CONTROL ENGINEERING “ENGINEER”? 

What can engineers do so that plants can be maintained reliably and safely near 
desired values? Most of the engineering decisions are introduced in the following 
five topics. 
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Process Design 

A key factor in engineering is the design of the process so that it can be controlled 
well. We noted in the room heating example that the temperature exceeded the 
maximum and minimum values because the furnace and heat exchanger were not 
able to respond rapidly enough. Thus, a more “responsive” plant would be easier 
to control. By responsive we mean that the controlled variable responds quickly 
to adjustments in the manipulated variable. Also, a plant that is susceptible to few 
disturbances would be easier to control. Reducing the frequency and magnitude 
of disturbances could be achieved by many means; a simple example is placing a 
large mixing tank before a unit so that feed composition upsets are attenuated by 
the averaging effects of the tank. Many more approaches to designing responsive 
processes with few disturbances are covered in the book. 

Measurements 

Naturally, a key decision is the selection and location of sensors, because one can 
control only what is measured! The engineer should select sensors that measure 
important variables rapidly and with sufficient accuracy. In this book, we will 
concentrate on the process analysis related to variable selection and to determining 
response time and accuracy needs. Details of a few common sensors are also 
presented as needed in exercises; a full review of sensor technology and commercial 
equipment is available in the references at the end of this chapter. 

Final Elements 

The engineer must provide handles —manipulated variables that can be adjusted by 
the control calculation. For example, if there were no valve on the heating fluid in 
Figure 1.5, it would not be possible to control the process fluid outlet temperature. 
This book concentrates on the process analysis related to final element location. 
We will typically be considering control valves as the final elements, with the 
percentage opening of these valves determined by a signal sent to the valve from a 
controller. Specific details about the best final element to regulate flow of various 
fluids—liquids, steam, slurries, and so forth—are provided by references noted at 
the end of this chapter. These references also present other final elements, such as 
motor speed, that are used in the process industries. 

Control Structure 

The engineer must decide some very basic issues in designing a control system. For 
example, which valve should be manipulated to control which measurement? As 
an everyday example, one could adjust either the hot or cold water valve opening 
to control the temperature of water in a shower. These topics are presented in later 
chapters, after a sound basis of understanding in dynamics and feedback control 
principles has been built. 

Control Calculations 

After the variables and control structure have been selected, equation(s) are cho¬ 
sen that use the measurement and desired values in calculating the manipulated 
variable. As we shall learn, only a few equations are sufficient to provide good 


What Does Control 
Engineering 
“Engineer”? 
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control for many types of plants. After the control equations’ structure is defined, 
parameters that appear in the equations are adjusted to achieve the desired control 
performance for the particular process. 


CHAPTER 1 
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Process Control 

1.8 Q HOW IS PROCESS CONTROL DOCUMENTED? 

As with all activities in chemical engineering, the results are documented in many 
forms. The most common are equipment specifications and sizing, operating man¬ 
uals, and technical documentation of plant experiments and control equations. In 
addition, control engineering makes extensive use of drawings that concisely and 
unequivocally represent many design decisions. These drawings are used for many 
purposes, including designing plants, purchasing equipment, and reviewing oper¬ 
ations and safety procedures. Therefore, many people use them, and to avoid mis¬ 
understandings standard symbols have been developed by the Instrument Society 
of America for use throughout the world. We shall adhere to a reduced version of 
this excellent standard in this book because of its simplicity and wide application. 

Sample drawings are shown in Figure 1.7. All process equipment—piping, 
vessels, valves, and so forth—is drawn in solid lines. The symbols for equipment 
items such as pumps, tanks, drums, and valves are simple and easily recognized. 
Sensors are designated by a circle or “bubble” connected to the point in the process 
where they are located. The first letter in the instrumentation symbol indicates the 
type of variable measured; for example, “T” corresponds to temperature. Some of 
the more common designations are the following: 

A Analyzer (specific analysis is often indicated next to the symbol, for 
example, p (for density) or pH) 

F Flow rate 

L Level of liquid or solids in a vessel 

P Pressure 

T Temperature 

Note that the symbol does not indicate the physical principle used by the sensor. 
Backup tabular documentation is required to determine such details. 

The communication to the sensor is shown as a solid line. If the signal is used 
only for display to the operator, the second letter in the symbol is “I” for indicator. 
Often, the “I” is not used, so that a single letter refers to a measurement used for 
monitoring only, not for control. 

If the signal is used in a calculation, it is also shown in a circle. The second letter 
in the symbol indicates the type of calculation. We consider only two possibilities 
in this book: “C” for feedback control and “Y” for any other calculation, such 
as addition or square root. The types of control calculations are covered later in 
the book. A noncontrol calculation might use the measured flow and temperatures 
around a heat exchanger to calculate the duty; that is, Q = pC p F(T\ n - r oul ). For 
controllers, the communication to the final element is shown as a dashed line when 
it is electrical, which is the mode communication considered in designs for most 
of this book. 

The basic symbols with their meanings are documented in Appendix A. This 
simplified version of the Instrument Society of America standards is sufficient for 
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What Are Some 
Sample Control 
Strategies? 



(c) (d) 

FIGURE 1.7 

(a) Continuous stirred-tank reactor with composition control. ( b ) Flow controller, 
(c) Tank level with controller, (d) Mixing process with composition control. 


this textbook and will provide an adequate background for more complex drawings. 
While using the standards may seem like additional work in the beginning, it should 
be considered a small investment leading to accurate communication, like learning 
grammar and vocabulary, used by all chemical engineers. 

1.9 ® WHAT ARE SOME SAMPLE CONTROL STRATEGIES? 

Some very simple example process control systems are given in Figure 1.7a 
through d. Each drawing contains a process schematic, a controller (in the in¬ 
strumentation circle), and the connection between the measurement and the ma¬ 
nipulated variable. As a thought exercise, you should analyze each process control 
system to verify the causal process relationship and to determine what action the 
controller would take in response to a disturbance or a change in desired value (set 
point). For example, in Figure 1.7a, with an increase in the inlet temperature, the 
control system would sense a decrease in the outlet composition of reactant. In 
response, the control system would adjust the heating coil valve, closing it slightly, 
until the outlet composition returned to its desired value. 

A sample of a more complex process diagram, this one without the control 
design, is given in Figure 1.8. The process includes a chemical reactor, a flash 
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FIGURE 1.8 

Integrated feed tank, reactor, and separator with recycle. 


separator, heat exchangers, and associated piping. Note that a control design en¬ 
gineer must select from a large number of possible measurements and valves to 
determine controller connections from an enormous number of possibilities! In 
Chapter 25 you will design a control system for this process that controls the 
key variables, such as reactor level and separator temperature, based on specified 
control objectives. 

1.10 0 CONCLUSIONS 

The material in this chapter has presented a qualitative introduction to process 
control. You have learned the key features of feedback control along with the types 
of equipment (instruments and computers) required to apply process control. The 
importance of the process design on control was discussed several times in the 
chapter. 

Based on this introduction, we are prepared to discuss more carefully the 
goals of process control in Chapter 2. Understanding the process control goals is 
essential to selecting the type of analysis used in control engineering. 

REFERENCES 

ISA, ISA-S5.3, Graphic Symbols for Distributed Control/Shared Display In¬ 
strumentation, Logic and Computer Systems, Instrument Society of Amer¬ 
ica, Research Triangle Park, NC, 1983. 

ISA, ISA-S5.1, Instrumentation Symbols and Identification, Instrument Soci¬ 
ety of America, Research Triangle Park, NC, 1984. 





ISA, ISA-S5.5, Graphic Symbols for Process Displays, Instrument Society of 
America, Research Triangle Park, NC, 1985. 

ISA, ISA-S5.4-1989, Instrument Loop Diagrams, Instrument Society of Amer¬ 
ica, Research Triangle Park, NC, July, 1989. 

Mayer, Otto, Origins of Feedback Control, MIT Press, 1970. 


ADDITIONAL RESOURCES 
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The following are useful references on drawing symbols for process and con¬ 
trol equipment. 

Austin, D., Chemical Engineering Drawing Symbols, Halsted Press, London, 
1979. 

Weaver, R., Process Piping Drafting (3rd ed.). Gulf Publishing, Houston, 
1986. 

Finally, a good reference for terminology is 

ISA, Process Instrumentation Terminology, ANSI/ISA S51.1-1979, Instru¬ 
ment Society of America, Research Triangle Park, NC, December 28, 
1979. 


QUESTIONS 

1 . 1 . Describe the four necessary components of a feedback control system. 

1.2. Review the equipment sketches in Figure Q1.2 a and b and explain whether 
each is or is not a level feedback control system. In particular, identify the 
four necessary components of feedback control, if they exist. 

(a) The flow in is a function of the connecting rod position. 

(b) The flow out is a function of the level (pressure at the bottom of the 
tank) and the resistance to flow. 



Flow in varies, cannot be adjusted 


on the connecting rod position 
(a) 

FIGURE Q1.2 


Row out depends on 
the level and resistance 
due to the exit constriction 
and pipe 

(b) 


1.3. Give some examples of feedback control systems in your everyday life, 
government, biology, and management. The control calculations may be 
automated or performed by people. 

1.4. Discuss the advantages of having a centralized control facility. Can you 
think of any disadvantages? 

1.5. Review the processes sketched in Figure 1 .la through d in which the con¬ 
trolled variable is to be maintained at its desired value. 

(a) From your chemical engineering background, suggest the physical 
principle used by the sensor. 
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( b ) Explain the causal relationship between the manipulated and controlled 
variables. 

(c) Explain whether the control valve should be opened or closed to in¬ 
crease the value of the controlled variable. 

( d) Identify possible disturbances that could influence the controlled vari¬ 
able. Also, describe how the process equipment would have to be sized 
to account for the disturbances. 

1.6. The preliminary process designs have been prepared for the systems in 
Figure Q1.6. The key variables to be controlled for the systems are (a) flow 
rate, temperature, composition, and pressure for the flash system and (b) 
composition, temperature, and liquid level for the continuous-flow stirred- 
tank chemical reactor. For both processes, disturbances occur in the feed 
temperature and composition. Answer the following questions for both 
processes. 

(a) Determine which sensors and final elements are required so that the 
important variables can be controlled. Sketch them on the figure where 
they should be located. 

( b ) Describe how the equipment capacities should be determined. 

(c) Select controller pairings; that is, select which measured variable should 
be controlled by adjusting which manipulated variable. 

(These examples will be reconsidered after quantitative methods have been 
introduced.) 

Heat exchangers 

Vapor 


Liquid 

Pump 

(a) 





Questions 


Cooling 

(b) 


FIGURE Q1.6 
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1 . 7 . Consider any of the control systems shown in Figure 1.7a through d. Sug¬ 
gest a feedback control calculation that can be used to determine the proper 
value of the manipulated valve position. The only values available for the 
calculation are the desired value and the measured value of the controlled 
variable. (Do the best you can at this point. Control algorithms for feedback 
control are presented in Part III.) 

1 . 8 . Feedback control uses measurement of a system output variable to deter¬ 
mine the value of a system input variable. Suggest an alternative control 
approach that uses a measured (disturbance) input variable to determine 
the value of a different (manipulated) input variable, with the goal of main¬ 
taining a system output variable at its desired value. Apply your approach 
to one of the systems in Figure 1.7. Can you suggest a name for your 
approach? 

1 . 9 . Evaluate the potential feedback control designs in Figure Q1.9. Determine 
whether each is a feedback control system. Explain why or why not, and 
explain whether the control system will function correctly as shown for 
disturbances and changes in desired value. 
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2.1 ® INTRODUCTION 



The first chapter provided an overview of process control in which the close asso¬ 
ciation between process control and plant operation was noted. As a consequence, 
control objectives are closely tied to process goals, and control benefits are closely 
tied to attaining these goals. In this chapter the control objectives and benefits 
are discussed thoroughly, and several process examples are presented. The control 
objectives provide the basis for all technology and design methods presented in 
subsequent chapters of the book. 

While this book emphasizes the contribution made by automatic control, con¬ 
trol is only one of many factors that must be considered in improving process 
performance. Three of the most important factors are shown in Figure 2.1, which 
indicates that proper equipment design, operating conditions, and process control 
should all be achieved simultaneously to attain safe and profitable plant operation. 
Clearly, equipment should be designed to provide good dynamic responses in addi¬ 
tion to high steady-state profit and efficiency, as covered in process design courses 
and books. Also, the plant operating conditions, as well as achieving steady-state 
plant objectives, should provide flexibility for dynamic operation. Thus, achiev¬ 
ing excellence in plant operation requires consideration of all factors. This book 
addresses all three factors; it gives guidance on how to design processes and select 
operating conditions favoring good dynamic performance, and it presents automa¬ 
tion methods to adjust the manipulated variables. 



Safe, 

Profitable 

Plant 

Operation 


FIGURE 2.1 


Schematic representation of three 
critical elements for achieving excellent 
plant performance. 
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Control Objectives 

1. Safety 

2. Environmental Protection 

3. Equipment Protection 

4. Smooth Operation 
and Production Rate 

5. Product Quality 

6. Profit 

7. Monitoring and Diagnosis 


2.2 S3 CONTROL OBJECTIVES 

The seven major categories of control objectives were introduced in Chapter 1. 
They are discussed in detail here, with an explanation of how each influences the 
control design for the example process shown in Figure 2.2. The process separates 
two components based on their different vapor pressures. The liquid feed stream, 
consisting of components A and B, is heated by two exchangers in series. Then 
the stream flows through a valve to a vessel at a lower pressure. As a result of 
the higher temperature and lower pressure, the material forms two phases, with 
most of the A in the vapor and most of the B in the liquid. The exact compositions 
can be determined from an equilibrium flash calculation, which simultaneously 
solves the material, energy, and equilibrium expressions. Both streams leave the 
vessel for further processing, the vapor stream through the overhead line and 
the liquid stream out from the bottom of the vessel. Although a simple process, 
the heat exchanger with flash drum provides examples of all control objectives, 
and this process is analyzed quantitatively with control in Chapter 24. 

A control strategy is also shown in Figure 2.2. Since we have not yet studied 
the calculations used by feedback controllers, you should interpret the controller as 
a linkage between a measurement and a valve. Thus, you can think of the feedback 
pressure control (PC) system as a system that measures the pressure and maintains 
the pressure close to its desired value by adjusting the opening of the valve in the 
overhead vapor pipe. The type of control calculation, which will be covered in 
depth in later chapters, is not critical for the discussions in this chapter. 


Safety 

The safety of people in the plant and in the surrounding community is of paramount 
importance. While no human activity is without risk, the typical goal is that working 
at an industrial plant should involve much less risk than any other activity in a 
person’s life. No compromise with sound equipment and control safety practices 
is acceptable. 

Plants are designed to operate safely at expected temperatures and pressures; 
however, improper operation can lead to equipment failure and release of poten¬ 
tially hazardous materials. Therefore, the process control strategies contribute to 
the overall plant safety by maintaining key variables near their desired values. 
Since these control strategies are important, they are automated to ensure rapid 
and complete implementation. In Figure 2.2, the equipment could operate at high 
pressures under normal conditions. If the pressure were allowed to increase too 
far beyond the normal value, the vessel might burst, resulting in injuries or death. 
Therefore, the control strategy includes a controller labelled “PC-1” that controls 
the pressure by adjusting the valve position (i.e., percent opening) in the vapor line. 

Another consideration in plant safety is the proper response to major incidents, 
such as equipment failures and excursions of variables outside of their acceptable 
bounds. Feedback strategies cannot guarantee safe operation; a very large distur¬ 
bance could lead to an unsafe condition. Therefore, an additional layer of control, 
termed an emergency system, is applied to enforce bounds on key variables. Typ¬ 
ically, this layer involves either safely diverting the flow of material or shutting 
down the process when unacceptable conditions occur. The control strategies are 
usually not complicated; for example, an emergency control might stop the feed 
to a vessel when the liquid level is nearly overflowing. Proper design of these 
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Fluid 

FIGURE 2.2 

Flash separation process with control strategy. 
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Control Objectives 


emergency systems is based on a structured analysis of hazards (Battelle Labora¬ 
tory, 1985; Warren Centre, 1986) that relies heavily on experience about expected 
incidents and on the reliability of process and control equipment. 

In Figure 2.2, the pressure is controlled by the element labelled “PC.” Nor¬ 
mally, it maintains the pressure at or near its desired value. However, the control 
strategy relies on the proper operation of equipment like the pressure sensor and 
the valve. Suppose that the sensor stopped providing a reliable measurement; the 
control strategy could improperly close the overhead valve, leading to an unsafe 
pressure. The correct control design would include an additional strategy using 
independent equipment to prevent a very high pressure. For example, the safety 
valve shown in Figure 2.2 is closed unless the pressure rises above a specified 
maximum; then, it opens to vent the excess vapor. It is important to recognize that 
this safety relief system is called on to act infrequently, perhaps once per year 
or less often; therefore, its design should include highly reliable components to 
ensure that it performs properly when needed. 

Environmental Protection 

Protection of the environment is critically important. This objective is mostly a pro¬ 
cess design issue; that is, the process must have the capacity to convert potentially 
toxic components to benign material. Again, control can contribute to the proper 
operation of these units, resulting in consistently low effluent concentrations. In 
addition, control systems can divert effluent to containment vessels should any 
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extreme disturbance occur. The stored material could be processed at a later time 
when normal operation has been restored. 

In Figure 2.2, the environment is protected by containing the material within 
the process equipment. Note that the safety release system directs the material for 
containment and subsequent “neutralization,” which could involve recycling to the 
process or combusting to benign compounds. For example, a release system might 
divert a gaseous hydrocarbon to a flare for combustion, and it might divert a water- 
based stream to a holding pond for subsequent purification through biological 
treatment before release to a water system. 


Equipment Protection 

Much of the equipment in a plant is expensive and difficult to replace without 
costly delays. Therefore, operating conditions must be maintained within bounds 
to prevent damage. The types of control strategies for equipment protection are 
similar to those for personnel protection, that is, controls to maintain conditions 
near desired values and emergency controls to stop operation safely when the 
process reaches boundary values. 

In Figure 2.2, the equipment is protected by maintaining the operating con¬ 
ditions within the expected temperatures and pressures. In addition, the pump 
could be damaged if no liquid were flowing through it. Therefore, the liquid level 
controller, by ensuring a reservoir of liquid in the bottom of the vessel, protects 
the pump from damage. Additional equipment protection could be provided by 
adding an emergency controller that would shut off the pump motor when the 
level decreased below a specified value. 

Smooth Operation and Production Rate 

A chemical plant includes a complex network of interacting processes; thus, the 
smooth operation of a process is desirable, because it results in few disturbances to 
all integrated units. Naturally, key variables in streams leaving the process should 
be maintained close to their desired values (i.e., with small variation) to prevent 
disturbances to downstream units. In Figure 2.2, the liquid from the vessel bottoms 
is processed by downstream equipment. The control strategy can be designed to 
make slow, smooth changes to the liquid flow. Naturally, the liquid level will not 
remain constant, but it is not required to be constant; the level must only remain 
within specified limits. By the use of this control design, the downstream units 
would experience fewer disturbances, and the overall plant would perform better. 

There are additional ways for upsets to be propagated in an integrated plant. 
For example, when the control strategy increases the steam flow to heat exchanger 
E-102, another unit in the plant must respond by generating more steam. Clearly, 
smooth manipulations of the steam flow require slow adjustments in the boiler 
operation and better overall plant operation. Therefore, we are interested in both 
the controlled variables and the manipulated variables. Ideally, we would like to 
have tight regulation of the controlled variables and slow, smooth adjustment of 
the manipulated variables. As we will see, this is not usually possible, and some 
compromise is required. 

People who are operating a plant want a simple method for maintaining the 
production rate at the desired value. We will include the important production rate 



goal in this control objective. For the flash process in Figure 2.2, the natural method 
for achieving the desired production rate is to adjust the feed valve located before 
the flash drum so that the feed flow rate F\ has the desired value. 

Product Quality 

The final products from the plant must meet demanding quality specifications set 
by purchasers. The specifications may be expressed as compositions (e.g., percent 
of each component), physical properties (e.g., density), performance properties 
(e.g., octane number or tensile strength), or a combination of all three. Process 
control contributes to good plant operation by maintaining the operating condi¬ 
tions required for excellent product quality. Improving product quality control is a 
major economic factor in the application of digital computers and advanced control 
algorithms for automation in the process industries. 

In Figure 2.2, the amount of component A, the material with the higher vapor 
pressure, is to be controlled in the liquid stream. Based on our knowledge of 
thermodynamics, we know that this value can be controlled by adjusting the flash 
temperature or, equivalently, the heat exchanged. Therefore, a control strategy 
would be designed to measure the composition in real time and adjust the heating 
medium flows that exchange heat with the feed. 

Profit 

Naturally, the typical goal of the plant is to return a profit. In the case of a utility such 
as water purification, in which no income from sales is involved, the equivalent 
goal is to provide the product at lowest cost. Before achieving the profit-oriented 
goal, selected independent variables are adjusted to satisfy the first five higher- 
priority control objectives. Often, some independent operating variables are not 
specified after the higher objectives (that is, including product quality but excepting 
profit) have been satisfied. When additional variables (degrees of freedom) exist, 
the control strategy can increase profit while satisfying all other objectives. 

In Figure 2.2 all other control objectives can be satisfied by using exchanger 
E-101, exchanger E-102, or a combination of the two, to heat the inlet stream. 
Therefore, the control strategy can select the correct exchanger based on the cost 
of the two heating fluids. For example, if the process fluid used in E-I01 were less 
costly, the control strategy would use the process stream for heating preferentially 
and use steam only when required for additional heating. How the control strat¬ 
egy would implement this policy, based on a selection hierarchy defined by the 
engineer, is covered in Chapter 22. 

Monitoring and Diagnosis 

Complex chemical plants require monitoring and diagnosis by people as well as 
excellent automation. Plant control and computing systems generally provide mon¬ 
itoring features for two sets of people who perform two different functions: (1) the 
immediate safety and operation of the plant, usually monitored by plant operators, 
and (2) the long-term plant performance analysis, monitored by supervisors and 
engineers. 

The plant operators require very rapid information so that they can ensure that 
the plant conditions remain within acceptable bounds. If undesirable situations 
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occur—or, one hopes, before they occur—the operator is responsible for rapid 
recognition and intervention to restore acceptable performance. While much of 
this routine work is automated, the people are present to address complex issues 
that are difficult to automate, perhaps requiring special information not readily 
available to the computing system. Since the person may be responsible for a plant 
section with hundreds of measured variables, excellent displays are required. These 
are usually in the form of trend plots of several associated variables versus time 
and of indicators in bar-chart form for easy identification of normal and abnormal 
operation. Examples are shown in Figure 2.3. 

Since the person cannot monitor all variables simultaneously, the control sys¬ 
tem includes an alarm feature, which draws the operator’s attention to variables 
that are near limiting values selected to indicate serious maloperation. For exam¬ 
ple, a high pressure in the flash separator drum is undesirable and would at the 
least result in the safety valve opening, which is not desirable, because it diverts 
material and results in lost profit and because it may not always reclose tightly. 
Thus, the system in Figure 2.2 has a high-pressure alarm, PAH. If the alarm is ac¬ 
tivated, the operator might reduce the flows to the heat exchanger or of the feed to 
reduce pressure. This operator action might cause a violation of product specifica¬ 
tions; however, maintaining the pressure within safe limits is more important than 
product quality. Every measured variable in a plant must be analyzed to determine 
whether an alarm should be associated with it and, if so, the proper value for the 
alarm limit. 

Another group of people monitors the longer-range performance of the plant 
to identify opportunities for improvement and causes for poor operation. Usually, 
a substantial sample of data, involving a long time period, is used in this analysis, 
so that the effects of minor fluctuations are averaged out. Monitoring involves 
important measured and calculated variables, including equipment performances 
(e.g., heat transfer coefficients) and process performances (e.g., reactor yields and 
material balances). In the example flash process, the energy consumption would be 
monitored. An example trend of some key variables is given in Figure 2.4, which 
shows that the ratio of expensive to inexpensive heating source had an increasing 
trend. If the feed flow and composition did not vary significantly, one might suspect 
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FIGURE 2.4 

Example of long-term data, showing the increased use of 
expensive steam in the flash process. 





that the heat transfer coefficient in the first heat exchanger, E-101, was decreasing 
due to fouling. Careful monitoring would identify the problem and enable the 
engineer to decide when to remove the heat exchanger temporarily for mechanical 
cleaning to restore a high heat transfer coefficient. 

Previously, this monitoring was performed by hand calculations, which was 
a tedious and inefficient method. Now, the data can be collected, processed if ad¬ 
ditional calculations are needed, and reported using digital computers. This com¬ 
bination of ease and reliability has greatly improved the monitoring of chemical 
process plants. 

Note that both types of monitoring—the rapid display and the slower process 
analysis—require people to make and implement decisions. This is another form of 
feedback control involving personnel, sometimes referred to as having “a person 
in the loop,” with the “loop” being the feedback control loop. While we will 
concentrate on the automated feedback system in a plant, we must never forget that 
many of the important decisions in plant operation that contribute to longer-term 
safety and profitability are based on monitoring and diagnosis and implemented 
by people “manually.” 

Therefore, 



Determining Plant 
Operating Conditions 


Control Objectives 


All seven categories of control objectives must be achieved simultaneously; failure 
to do so leads to unprofitable or, worse, dangerous plant operation. 


In this section, instances of all seven goals were identified in the simple heater 
and flash separator. The analysis of more complex process plants in terms of the 
goals is a challenging task, enabling engineers to apply all of their chemical engi¬ 
neering skills. Often a team of engineers and operators, each with special experi¬ 
ences and insights, performs this analysis. Again, we see that control engineering 
skills are needed by all chemical engineers in industrial practice. 


1. Safety 

2. Environmental Protection 

3. Equipment Protection 

4. Smooth Operation 
and Production Rate 

5. Product Quality 

6. Profit 

7. Monitoring and Diagnosis 


2.3 0 DETERMINING PLANT OPERATING CONDITIONS 

A key factor in good plant operation is the determination of the best operating 
conditions, which can be maintained within small variation by automatic control 
strategies. Therefore, setting the control objectives requires a clear understanding 
of how the plant operating conditions are determined. A complete study of plant 
objectives requires additional mathematical methods for simulating and optimizing 
the plant operation. For our purposes, we will restrict our discussion in this section 
to small systems that can be analyzed graphically. 

Determining the best operating conditions can be performed in two steps. 
First, the region of possible operation is defined. The following are some of the 
factors that limit the possible operation: 

• Physical principles; for example, all concentrations > 0 

• Safety, environmental, and equipment protection 

• Equipment capacity; for example, maximum flow 

• Product quality 
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The region that satisfies all bounds is termed the feasible operating region or, more 
commonly, the operating window. Any operation within the operating window is 
possible. Violation of some of the limits, called soft constraints, would lead to 
poor product quality or reduction of long-term equipment life; therefore, short¬ 
term violations of soft constraints are allowed but are to be avoided. Violation of 
critical bounds, called hard constraints, could lead to injury or major equipment 
damage; violations of hard constraints are not acceptable under any foreseeable 
circumstances. The control strategy must take aggressive actions, including shut¬ 
ting down the plant, to prevent hard constraint violations. For both hard and soft 
constraints, debits are incurred for violating constraints, so the control system is 
designed to maintain operation within the operating window. While any operation 
within the window is possible and satisfies minimum plant goals, a great difference 
in profit can exist depending on the conditions chosen. Thus, the plant economics 
must be analyzed to determine the best operation within the window. The con¬ 
trol strategy should be designed to maintain the plant conditions near their most 
profitable values. 

The example shown in Figure 2.5 demonstrates the operating window for a 
simple, one-dimensional case. The example involves a fired heater (furnace) with 
a chemical reaction occurring as the fluid flows through the pipe or, as it is often 
called, the coil. The temperature of the reactor must be held between minimum (no 
reaction) and maximum (metal damage or excessive side reactions) temperatures. 
When economic objectives favor increased conversion of feed, the profit function 
monotonically increases with increasing temperature; therefore, the best operation 
would be at the maximum allowable temperature. However, the dynamic data show 
that the temperature varies about the desired value because of disturbances such as 
those in fuel composition and pressure. Therefore, the effectiveness of the control 
strategy in maximizing profit depends on reducing the variation of the temperature. 
A small variation means that the temperature can be operated very close to, without 
exceeding, the maximum constraint. 

Another example is the system shown in Figure 2.6, where fuel and air are 
mixed and combusted to provide heat for a boiler. The ratio of fuel to air is im¬ 
portant. Too little air (oxygen) means that some of the fuel is uncombusted and 
wasted, whereas excess air reduces the flame temperature and, thus, the heat trans- 
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Example of operating window for fired-heater temperature. 
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FIGURE 2.6 

Example of operating window for boiler combustion flue gas 

excess oxygen. 

fer. Therefore, the highest efficiency and most profitable operation are near the 
stoichiometric ratio. (Actually, the best value is usually somewhat above the stoi¬ 
chiometric ratio because of imperfect mixing, leakage, and complex combustion 
chemistry.) The maximum air flow is determined by the air compressor and is 
usually not a limitation, but a large excess of air leads to extremely high fuel costs. 
Therefore, the best plant operation is at the peak of the efficiency curve. An effec¬ 
tive control strategy results in a small variation in the excess oxygen in the flue 
gas, allowing operation near the peak. 

However, a more important factor is safety, which provides another reason 
for controlling the excess air. A deficiency of oxygen could lead to a dangerous 
condition because of unreacted fuel in the boiler combustion chamber. Should this 
situation occur, the fuel could mix with other air (that leaks into the furnace cham¬ 
ber) and explode. Therefore, the air flow should never fall below the stoichiometric 
value. Note that the control sketch in Figure 2.6 is much simpler than actual control 
designs for combustion systems (for example, API, 1977). 

Finally, a third example demonstrates that this analysis can be extended to 
more than one dimension. We now consider the chemical reactor in Figure 2.5 
with two variables: temperature and product flow. The temperature bounds are the 
same, and the product flow has a maximum limitation because of erosion of the 
pipe at the exit of the fired heater. The profit function, which would be calculated 
based on an analysis of the entire plant, is given as contours in the operating 
window in Figure 2.7. In this example, the maximum profit occurs outside the 
operating window and therefore cannot be achieved. The best operation inside the 
window would be at the maximum temperature and flow, which are found at the 
upper right-hand comer of the operating window. As we know, the plant cannot 
be operated exactly at this point because of unavoidable disturbances in variables 
such as feed pressure and fuel composition (which affects heat of combustion). 
However, good control designs can reduce the variation of temperature and flow 
so that desired values can be selected that nearly maximize the achievable profit 
while not violating the constraints. This situation is shown in Figure 2.7, where 
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FIGURE 2.7 

Example of operating window for the feed and 
temperature of a tired-heater chemical reactor. 


a circle defines the variation expected about the desired values (Perkins, 1990; 
Narraway and Perkins, 1993). When control provides small variation, that is, a 
circle of small radius, the operation can be maintained closer to the best operation. 
All of these examples demonstrate that 


Process control improves plant performance by reducing the variation of key vari¬ 
ables. When the variation has been reduced, the desired value of the controlled 
variable can be adjusted to increase profit. 


Note that simply reducing the variation does not always improve plant op¬ 
eration. The profit contours within the operating window must be analyzed to 
determine the best operating conditions that take advantage of the reduced varia¬ 
tion. Also, it is important to recognize that the theoretical maximum profit cannot 
usually be achieved because of inevitable variation due to disturbances. This situ¬ 
ation should be included in the economic analysis of all process designs. 


2.4 0 BENEFITS FOR CONTROL 

The previous discussion of plant operating conditions provides the basis for cal¬ 
culating the benefits for excellent control performance. In all of the examples 
discussed qualitatively in the previous section, the economic benefit resulted from 








reduced variation of key variables. Thus, the calculation of benefits considers the 
effect of variation on plant profit. Before the method is presented, it is emphasized 
that the highest-priority control objectives—namely, safety, environmental protec¬ 
tion, and equipment protection—are not analyzed by the method described in this 
section. Although the control designs for these objectives often reduce variation, 
they are not selected for increasing profit but rather for providing safe, reliable 
plant operation. 

Once the profit function has been determined, the benefit method needs to 
characterize the variation of key plant variables. This can be done through the 
calculation shown schematically in Figure 2.8. The plant operating data, which is 
usually given as a plot or trend versus time, can be summarized by a frequency 
distribution. The frequency distribution can be determined by taking many sample 
measurements of the process variable, usually separated by a constant time period, 
and counting the number of measurements whose values fall in each of several 
intervals within the range of data values. The total time period covered must be 
long compared to the dynamics of the process, so that the effects of time correlation 
in the variable and varying disturbances will be averaged out. 

The resulting distribution is plotted as frequency; that is, as fraction or percent 
of measurements falling within each interval versus the midpoint value of that 
interval. Such a plot is called a frequency distribution or histogram. If the variable 
were constant, perhaps due to perfect control or the presence of no disturbances, 
the distribution would have one bar, at the constant value, rising to 1.0 (or 100%). 
As the variation in the values increases, the distribution becomes broader; thus, 
the frequency distribution provides a valuable summary of the variable variation. 

The distribution could be described by its moments; in particular, the mean 
and standard deviation are often used in describing the behavior of variables in 
feedback systems (Snedecor and Cochran, 1980; Bethea and Rhinehart, 1991). 
These values can be calculated from the plant data according to the following 
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FIGURE 2.8 


Schematic presentation of the method for representing the 

variability in plant data. 
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FIGURE 2.9 


equations: 


1 " 

Mean = Y = - ^ F, 


i=i 


Standard deviation = sy = 


n — 1 


( 2 . 1 ) 

( 2 . 2 ) 


where F,- = measured value of variable 
Sy = variance 
n = number of data points 

When the experimental distribution can be characterized by the standard nor¬ 
mal distribution, the variation about the mean is characterized by the standard 
deviation as is shown in Figure 2.9. (Application of the central limit theorem to 
data whose underlying distribution is not normal often results in the valid use 
of the normal distribution.) When the number of data in the sample are large, 
the estimated (sample) standard deviation is approximately equal to the popula¬ 
tion standard deviation, and the following relationships are valid for the normally 
distributed variable: 


Normal distribution. 


About 68.2% of the variable values are within ±s of mean. 
About 95.4% of the variable values are within ±2s of mean. 
About 99.7% of the variable values are within ±3s of mean. 


In all control performance and benefits analysis, the mean and standard de¬ 
viation can be used in place of the frequency distribution when the distribution is 
normal. As is apparent, a narrow distribution is equivalent to a small standard devia¬ 
tion. Although the process data can often be characterized by a normal distribution, 
the method for calculating benefits does not depend on the normal distribution, 
which was introduced here to relate the benefits method to statistical terms often 
used to describe the variability of data. 

The empirical histogram provides how often—that is, what percentage of the 
time—a variable has a certain value, with the value for each histogram entry taken 
as the center of the variable interval. The performance of plant operation at each 
variable value can be determined from the performance junction. Depending on 
the plant, the performance function could be reactor conversion, efficiency, pro¬ 
duction rate, profit, or other variable that characterizes the quality of operation. 
The average performance for a set of representative data (that is, frequency dis¬ 
tribution) is calculated by combining the histogram and profit function according 
to the following equation (Bozenhardt and Dybeck, 1986; Marlin et ah, 1991; and 
Stout and Cline, 1976). 

M 

P ave = J2 Fj Pj (2.3) 

;'=i 

where P ave = average process performance 

Fj = fraction of data in interval j = Nj/N t 
N j = number of data points in interval j 
N t = total number of data points 
Pj = performance measured at the midpoint of interval j 
M = number of intervals in the frequency distribution 
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FIGURE 2.10 


Schematic presentation of the method for calculating the 
average process performance from plant data. 


Benefits for Control 


This calculation is schematically shown in Figure 2.10. The calculation is tedious 
when done by hand but is performed easily with a spreadsheet or other computer 
program. 

Note that methods for predicting how improved control affects the frequency 
distribution require technology covered in Part in of the book. These methods 
require a sound understanding of process dynamic responses and typical control 
calculations. For now, we will assume that the improved frequency distribution 
can be predicted. 

EXAMPLE 2.1. 

This example presents data for a reactor of the type shown in Figure 2.5. The 
reaction taking place is the pyrolysis of ethane to a wide range of products, one 
of which is the desired product, ethylene. The goal for this example is to maximize 
the conversion of feed ethane. This could be achieved by increasing the reactor 
temperature, but a hard constraint, the maximum temperature of 864°C, must not 
be exceeded, or damage will occur to the furnace. Control performance data is 
provided in Table 2.1. 

In calculating benefits for control improvement, the calculation is performed 
twice. The first calculation uses the base case distribution, which represents the 
plant performance with poor control. The base case reactor temperature, shown as 
the top graph in Figure 2.11, might result from control via the plant operator occa¬ 
sionally adjusting the fuel flow. The second calculation uses the tighter distribution 
shown in the middle graph, which results from improved control using methods de- 
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scribed in Parts III and IV. The process performance correlation, which is required 
to relate the temperature to conversion, is given in the bottom graph. The data for 
the graphs, along with the calculations for the averages, are given in Table 2.1. 

The difference between the two average performances, a conversion increase 
of 4.4 percent, is the benefit for improved control. Note that the benefit is achieved 
by reducing the variance and increasing the average temperature. Both are re¬ 
quired in this example; simply reducing variance with the same mean would not 
be a worthwhile achievement! Naturally, this benefit must be related to dollars 
and compared with the costs for equipment and personnel time when deciding 
whether this investment is justified. The economic benefit would be calculated as 
follows: 


Aprofit = (feed flow) (A conversion) ($/kg products) (2.4) 

In a typical ethylene plant, the benefits for even a small increase in conversion 
would be much greater than the costs. Additional benefits would result from fewer 
disturbances to downstream units and longer operating life of the fired heater due 
to reduced thermal stress. 




EXAMPLE 2.2. 

A second example is given for the boiler excess oxygen shown in Figure 2.6. The 
discussion in the previous section demonstrated that the profit is maximized when 
the excess oxygen is maintained slightly above the stoichiometric ratio, where 
the efficiency is at its maximum. Again, the process performance function, here 
efficiency, is used to evaluate each operating value, and frequency distributions 
are used to characterize the variation in performance. 

The performance is calculated for the base case and an improved control 
case, and the benefit is calculated as shown in Figure 2.12 for an example with 


TABLE 2.1 


Frequency data for Example 2.1 


Temperature midpoint 
(°C) 

Conversion Pj 
(%) 

Initial data 

F, P,*F, 

Data with 
improved control 

Fj P,*F, 

842 

50 

0 

0 

0 

0 

844 

51 

0.0666 

3.4 

0 

0 

846 

52 

0.111 

5.778 

0 

0 

848 

53 

0.111 

5.889 

0 

0 

850 

54 

0.156 

8.4 

0 

0 

852 

55 

0.244 

13.44 

0 

0 

854 

56 

0.133 

7.467 

0 

0 

856 

57 

0.111 

6.333 

0 

0 

858 

58 

0.044 

2.578 

0.25 

14.5 

860 

59 

0.022 

1.311 

0.50 

29.5 

862 

60 

0 

0 

0.25 

15 

Average conversion (%) = 



54.6 


1 cji 
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FIGURE 2.11 


FIGURE 2.12 


Data for Example 2.1 in which the 
benefits of reduced variation and closer 
approach to the maximum temperature 
limit in a chemical reactor are calculated. 


Data for Example 2.2 in which the 
benefits of reducing the variation of 
excess oxygen in boiler flue gas are 
calculated. 


Benefits for Control 


realistic data. The data for the graphs, along with the calculations for the averages, 
are given in Table 2.2. The average efficiency increased by almost 1 percent with 
better control and would be related to profit as follows: 

Aprofit = (A efficiency/100) (steam flow) (A// vap ) (S/energy) (2.5) 

This improvement would result in fuel savings worth tens of thousands of dollars 
per year in a typical industrial boiler. In this case, the average of the process 
variable (excess oxygen) is the same for the initial and improved operations, be¬ 
cause the improvement is due entirely to the reduction in the variance of the excess 
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oxygen. The difference between the chemical reactor and the boiler results from 
the different process performance curves. Note that the improved control case has 
its desired value at an excess oxygen value slightly greater than where the maxi¬ 
mum profit occurs, so that the chance of a dangerous condition is negligibly small. 


A few important assumptions in this benefits calculation method may not be 
obvious, so they are discussed here. First, the frequency distributions can never 
be guaranteed to remain within the operating window. If a large enough data 
set were collected, some data would be outside of the operating window due to 
infrequent, large disturbances. Therefore, some small probability of exceeding the 
constraints always exists and must be accepted. For soft constraints, it is common 
to select an average value so that no more than a few percent of the data exceeds the 
constraint; often the target is two standard deviations from the limit. For important 
hard constraints, an average much farther from the constraint can be selected, since 
the emergency system will activate each time the system reaches a boundary. 

A second assumption concerns the mixing of steady-state and dynamic re¬ 
lationships. Remember that the process performance function is developed from 
steady-state analysis. The frequency distribution is calculated from plant data, 
which is inherently dynamic. Therefore, the two correlations cannot strictly be 
used together, as they are in equation (2.3). The difficulty is circumvented if the 
plant is assumed to have operated at quasi-steady state at each data point, then 
varied to the next quasi-steady state for the subsequent data point. When this 
assumption is valid, the plant data is essentially from a series of steady-state oper¬ 
ations, and equation (2.3) is valid, because all data and correlations are consistently 
steady-state. 


TABLE 2.2 


Frequency data for Example 2.2 


Excess oxygen midpoint Boiler efficiency Pj 

(mol fraction) (%) 

Initial data 

F, Pj*Fj 

Data with 
improved control 

Fj Pj*Fj 

0.25 

83.88 

0 

0 

0 

0 

0.75 

85.70 

0 

0 

0 

0 

1.25 

86.85 

0.04 

3.47 

0 

0 

1.75 

87.50 

0.12 

10.50 

0.250 

2.19 

2.25 

87.70 

0.24 

21.05 

0.475 

41.66 

2.75 

87.54 

0.12 

10.50 

0.475 

41.58 

3.25 

87.10 

0.20 

17.42 

0.025 

2.18 

3.75 

86.48 

0.04 

3.46 

0 

0 

4.25 

85.76 

0.08 

6.86 

0 

0 

4.75 

85.02 

0.04 

3.40 

0 

0 

5.25 

84.36 

0.08 

6.75 

0 

0 

5.75 

Average efficiency (%) = £ Pj * Fj = 

83.86 

0.04 

3.35 

86.77 

0 

0 

87.70 




Third, the approach is valid for modifying the behavior of one process variable, 
with all other variables unchanged. If many control strategies are to be evaluated, 
the interaction among them must be considered. The alterations to the procedure 
depend on the specific plant considered but would normally require a model of the 
integrated plant. 


The analysis method presented in this section demonstrates that information on the 
variability Of key variables is required for evaluating the performance of a process— 
average values of process variables are not adequate. 


The method explained in this section clearly demonstrates the importance of 
understanding the goals of the plant prior to evaluating and designing the control 
strategies. It also shows the importance of reducing the variation in achieving good 
plant operation and is a practical way to perform economic evaluations of potential 
investments. 


2.5 s IMPORTANCE OF CONTROL ENGINEERING . 

Good control performance yields substantial benefits for safe and profitable plant 
operation. By applying the process control principles in this book, the engineer 
will be able to design plants and control strategies that achieve the control objec¬ 
tives. Recapitulating the material in Chapter 1, control engineering facilitates good 
control by ensuring that the following criteria are satisfied. 


Control Is Possible 

The plant must be designed with control strategies in mind so that the appropriate 
measurements and manipulated variables exist. Control of the composition of the 
liquid product from the flash drum in Figure 2.2 requires the flexibility to adjust 
the valves in the heating streams. Even if the valve can be adjusted, the total heat 
exchanger areas and utility flows must be large enough to satisfy the demands of 
the flash process. Thus, the chemical engineer is responsible for ensuring that the 
process equipment and control equipment provide sufficient flexibility. 


The Plant Is Easy to Control 

Clearly, reduction in variation is desired. Typically, plants that are subject to few 
disturbances, due to inventory (buffer) between the disturbance and the controlled 
variable, are easier to control. Unfortunately, this is contradictory to many modem 
designs, which include energy-saving heat integration schemes and reduced plant 
inventories. Therefore, the dynamic analysis of such designs is important to deter¬ 
mine how much (undesired) variance results from the (desired) lower capital costs 
and higher steady-state efficiency. Also, the plant should be “responsive”; that is, 
■* the dynamics between the manipulated and controlled variables should be fast—the 
faster the better. Plant design can influence this important factor substantially. 
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Proper Control Calculations Are Used 

Properly designed control calculations can improve the control performance by 
reducing the variation of the controlled variable. Some of the desired characteristics 
for these calculations are simplicity, generality, reliability, and flexibility. The basic 
control algorithm is introduced in Chapter 8. 

Control Equipment Is Properly Selected 

Equipment for process control involves considerable cost and must be selected 
carefully to avoid wasteful excess equipment. Information on equipment cost can 
be obtained from the references in Chapter 1. 

EXAMPLE 2.3. 

Control performance depends on process and control equipment design. The 
plant section in Figure 2.13a and b includes different designs for a packed-bed 
chemical reactor and two distillation towers. The feed to the plant section experi¬ 
ences composition variation, which results in variation in the product composition, 
which should be maintained as constant as possible. 

The lower-cost plant design in Figure 2.13a has no extra tankage and a low- 
cost analyzer that must be placed after the distillation towers. The more costly 
design has a feed tank, to reduce the effects of the feed compositions through 
mixing, and a more expensive analyzer located at the outlet of the reactor for faster 
sensing. Thus, the design in Figure 2.13b has smaller disturbances to the reactor 
and faster control. The dynamic responses show that the control performance of 
the more costly plant is much better. Whether the investment is justified requires an 
economic analysis of the entire plant. As this example demonstrates, good control 
engineering involves proper equipment design as well as control calculations. 


EXAMPLE 2.4. 

Control contributes to safety by maintaining process variables near their desired 
values. The chemical reactor with highly exothermic reaction in Figure 2.14 demon¬ 
strates two examples of safety through control. Many input variables, such as feed 
composition, feed temperature, and cooling temperature, can vary, which could 
lead to dangerous overflow of the liquid and large temperature excursions (run¬ 
away). The control design shown in Figure 2.14 maintains the level near its desired 
value by adjusting the outlet flow rate, and it maintains the temperature near its 
desired value by adjusting the coolant flow rate. If required, these controls could 
be supplemented with emergency control systems. 


EXAMPLE 2.5. 

The type of control calculation can affect the dynamic performance of the process. 
Consider the system in Figure 2.15a through c, which has three different control 
designs, each giving a different control performance. The process involves mixing 
two streams to achieve a desired concentration in the exit stream by adjusting one 
of the inlet streams. The first design, in Figure 2.15a, gives the result of a very sim- & 
pie feedback control calculation, which keeps the controlled variable from varying 
too far from but does not return the controlled variable to the desired value; this 
deviation is termed offset and is generally undesirable. The second design, in 
Figure 2.15b, uses a more complex feedback control calculation, which provided 




Feed 

composition 





response to disturbances that returns the controlled variable to its desired value. 
Since the second design relies on feedback principles, the controlled variable ex¬ 
periences a rather large initial deviation, which cannot be reduced by improved 
feedback calculations. The third design combines feedback with a predicted cor¬ 
rection based on a measurement of the disturbance, which is called feedforward. 
The third design provides even better performance by reducing the magnitude 
of the initial response along with a return to the desired value. The calculations 
used for these designs, along with criteria for selecting among possible designs, 
are covered in later chapters. This example simply demonstrates that the type of 
calculation can substantially affect the dynamic response of a control system. 
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FIGURE 2.15 


2.6 n CONCLUSIONS 

Good control design addresses a hierarchy of control objectives, ranging from 
safety to product quality and profit, which depend on the operating objectives for 
the plant. The objectives are determined by both steady-state and dynamic analysis 
of the plant performance. The steady-state feasible operating region is defined by 
the operating window; plant operation should remain within the window, because 
constraint violations involve severe penalties. Within the operating window, the 
condition that results in the highest profit is theoretically the best operation. How¬ 
ever, because the plant cannot be maintained at an exact value of each variable due 
to disturbances, variation must be considered in selecting an operating point that 
does not result in (unacceptably frequent) constraint violations yet still achieves a 
high profit. Process control reduces the variation and results in consistently high 
product quality and close approach to the theoretical maximum profit. Methods 
for quantitatively analyzing these factors are presented in this chapter. 

As we have learned, good performance provides “tight” control of key vari¬ 
ables; that is, the variables vary only slightly from their desired values. Clearly, 
understanding the dynamic behavior of processes is essential in designing control 
strategies. Therefore, the next part of the book addresses process dynamics and 
modelling. Only with a thorough knowledge of the process dynamics can we design 
control calculations that meet demanding objectives and yield large benefits. 
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These questions provide exercises in relating process variability to performance. 
Much of the remainder of the book addresses how process control can reduce the 
variability of key variables. 


QUESTIONS 

2 . 1 . For each of the following processes, identify at least one control objective in 
each of the seven categories introduced in Section 2.2. Describe a feedback 
approach appropriate for achieving each objective. 

(a) The reactor-separator system in Figure 1.8 

(b) The boiler in Figure 14.17 

(c) The distillation column in Figure 15.18 

(d) The fired heater in Figure 17.17 

2 . 2 . The best distribution of variable values depends strongly on the perfor¬ 
mance function of the process. Three different performance functions are 
given in Figure Q2.2. In each case, the average value of the variable (x ave ) 
must remain at the specified value, although the distribution around the av¬ 
erage is not specified. The performance function, P, can be assumed to be 





FIGURE Q2.2 




a quadratic function of the variable, x, in every segment of the distribution. 


Cl b (X/ X ave ) C (x ( * Xgve) 

For each of the cases in Figure Q2.2, discuss the relationship between the 
distribution and the average profit, and determine the distribution that will 
maximize the average performance function. Provide quantitative justifi¬ 
cation for your result. 

2.3. The fired heater example in Figure 2.11 had a hard constraint. 

(a) Sketch the performance function for this situation, including the per¬ 
formance when violations occur, on the figure. 

(b) Assume that the distribution of the temperature would have 0.005 frac¬ 
tion of its operation exceeding the limit of 864°C and that each time 
the limit is exceeded, the plant incurs a cost of $1,000 to restart the 
equipment. Can you calculate the total cost per year for exceeding the 
limit? 

(c) Make any additional assumptions and complete the calculation. 

2 . 4 . Sometimes there is no active hard constraint. Assume that the fired heater 
in Figure 2.11 has no hard constraint, but that a side reaction forming 
undesired products begins to occur significantly at 850°C. This side reaction 
has an activation energy with larger magnitude than the product reaction. 
Sketch the shape of the performance function for this situation. How would 
you determine the best desired (average) value of the temperature and the 
best temperature distribution? 

2 . 5 . Sometimes engineers use a shortcut method for determining the average 
process performance. In this shortcut, the average variable value is used, 
rather than the full distribution, in calculating the performance. Discuss the 
assumptions implicit in this shortcut and when it is and is not appropriate. 

2 . 6 . A chemical plant produces vinyl chloride monomer for subsequent produc¬ 
tion of polyvinyl chloride. This plant can sell all monomer it can produce 
within quality specifications. Analysis indicates that the plant can produce 
175 tons/day of monomer with perfect operation. A two-month production 
record is given in Figure Q2.6. Calculate the profit lost by not operating 
at the highest value possible. Discuss why the plant production might not 
always be at the highest possible value. 

2 . 7 . A blending process, shown in Figure Q2.7, mixes component A into a 
stream. The objective is to maximize the amount of A in the stream without 
exceeding the upper limit of the concentration of A, which is 2.2 mole/m 3 . 
The current operation is “open-loop,” with the operator occasionally look¬ 
ing at the analyzer value and changing the flow of A. The flow during the 
period that the data was collected was essentially constant at 1053 m 3 /h. 
How much more A could have been blended into the stream with perfect 
control, that is, if the concentration of A had been maintained exactly at its 
maximum? What would be the improvement if the new distribution were 
normal with a standard deviation of 0.075 mole/m 3 ? 
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(Reprinted by permission. Copyright ©1987, Instrument 
Society of America. From Marlin, T. et al., Advanced 
Process Control Applications—Opportunities and Benefits , 
ISA, 1987.) 
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FIGURE Q2.7 


2 . 8 . The performance function for a distillation tower is given in Figure Q2.8 
in terms of lost profit from the best operation as a function of the bottoms 
impurity, *b (Stout and Cline, 1978). Calculate the average performance 
for the four distributions (A through D) given in Table Q2.8 along with 
the average and standard deviation of the concentration, x B . Discuss the 
relationship between the distributions and the average performance. 









Performance penalty, $/day 
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Bottoms impurity, x B 


FIGURE Q2.8 

(Reprinted by permission. Copyright ©1976, Instrument 
Society of America. From Stout, T., and R. Cline, 
“Control Systems Justification.” Instr. Techn., 
September 1976, pp. 51-58.) 


TABLE Q2.8 


X B 

Fraction of time at x B 

A 

B 

c 

D 

0.25 

0 

0 

0 

0 

0.5 

0.25 

0.05 

0 

0 

0.75 

0.50 

0.05 

0 

0 

1.0 

0.25 

0.10 

0 

0 

1.5 

0 

0.20 

0 

0.333 

2.0 

0 

0.30 

0 

0.333 

3.0 

0 

0.20 

0.25 

0.333 

4.0 

0 

0.10 

0.50 

0 

5.0 

0 

0 

0.25 

0 

O B 

CD 1 



0 



Questions 


2 . 9 . Profit contours similar to those in Figure Q2.9 have been reported by 
Gorzinski (1983) for a distillation tower separating normal butane and 
isobutane in an alkylation process for a petroleum refinery. Based on the 
shape of the profit contours, discuss the selection of desired values for the 
distillate and bottoms impurity variables to be used in an automation strat¬ 
egy. (Recall that some variation about the desired values is inevitable.) If 
only one product purity can be controlled tightly to its desired value, which 
would be the one you would select to control tightly? 



Light key in bottoms (mole %) 


FIGURE Q2.9 


Process 

Dynamics 



The engineer must understand the dynamic behavior of a physical system in order 
to design the equipment, select operating conditions, and implement an automation 
technique properly. The need for understanding dynamics is first illustrated through 
the discussion of two examples. The first involves the dynamic responses of the bus 
and bicycle shown in Figure II. 1. When the drivers wish to maneuver the vehicles, 
such as to make a 180° U turn, the bicycle can be easily turned in a small radius, 
while the bus requires an arc of considerably larger radius. Clearly, the design of 
the vehicle affects the possible maneuverability, even when the bus has an expert 
driver. Also, the driver of the bus and the rider of the bicycle must use different rules 
in steering. This simple example demonstrates that (1) a key aspect of automation is 
designing and building equipment that can be easily controlled, and (2) the design 
and implementation of an automation system requires knowledge of the dynamic 
behavior of the system. 

These two important principles can be applied to the chemical reactor exam¬ 
ple shown in Figure II.2. The reactor operation can be influenced by adjusting the 
opening of the valve in the coolant pipe, and the outlet concentration is measured 
by an analyzer located downstream from the reactor outlet. Regarding the first 
principle (the effect of process design), it seems likely that the delay in measuring 
the outlet concentration would reduce the effectiveness of feedback control. Re¬ 
garding the second principle (the effect of automation method), a very aggressive 
method for adjusting the coolant flow could cause a large overshoot or oscillations 
in returning the concentration to its desired value; thus, the feedback adjustments 
should be tailored to the specific process. 
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Bus and bicycle maneuverability. 



Nonisothermal CSTR. 



The knowledge of dynamic behavior required for process control is formalized 
in mathematical models. In fact, modelling plays such a central role in the theory 
and practice of process control that the statement is often made that modelling is 
the key element in the successful application of control. A complete explanation 
of the needs of process control cannot be presented until more detail is covered 
on feedback systems; however, the importance of the four basic questions to be 
addressed through modelling should be clear from the general discussion in the 
previous chapters, along with the examples in Figures II. 1 and n.2. 

1. Which variables can be influenced? Process control inherently involves some 
manipulated variables, which can be adjusted, and some controlled variables, 
which are affected by the adjustments. By turning the steering wheel, the 
driver can influence the direction of the bus, but not its speed. By changing 
the coolant valve opening in the reactor example, the reactor temperature 
and concentration can be influenced. The identification of variables will be 
addressed in this part through the analysis of degrees of freedom and cause- 
effect relationships, and the aspect of controllability will be introduced later 
in the book. 

2. Over what range can the variables be altered? The acceptable range of pro¬ 
cess variables, such as temperature and pressure, and the limited range of the 
manipulated variables places bounds on the effects of adjustments. The bus 
wheels can only be turned a maximum amount to the right and left, and the 
coolant valve is limited between fully closed (no flow) and fully opened (max¬ 
imum flow). The range of possible values is termed the operating window, 
and models can be used to determine the bounds or “frame” on this window 
quantitatively. 

3. How effectively can feedback maintain the process at desired conditions ? The 
following aspects of the process behavior are required to implement process 
control. 

(a) Sign and magnitude of response: The bus driver must know how the bus 
will respond when the wheel is turned clockwise, and the operator needs 
to know whether temperature will increase or decrease when the valve 
is opened. It is essential that the sign does not change and is best if the 
magnitude does not vary greatly. 

(b) Speed of response: The speed must be known to determine the manipu¬ 
lations that can be entered; if the manipulations are too aggressive, the 
system can oscillate and even become unstable. This can happen in driving 
a bus on a slippery road and in trying to control the concentration when 
there is a long delay between the adjusted variable and measurement. 

(c) Shape of response: The shape of dynamic responses can vary greatly. For 
example, the two responses in Figure n.3 have the same “speed” as mea¬ 
sured by the time to reach their final values, but the shapes are different. 
Response A, which gives an indication of the response without delay, is 
better for control than response B, which gives no output indication of 
the input change for a long time. 

4. How sensitive are the results? Process control systems are usually applied in 
industrial-scale plants that change operations often and experience variation 


in operating conditions and equipment performance. This variation affects 
the dynamic behavior of the process, the items in the preceding question, 
which must be considered in process control. For example, the behavior of 
the chemical reactor could depend on an inhibitor in the feed and catalyst 
deactivation. The analysis of the possible variation in the system and sensitivity 
of the dynamic behavior to the variability begins in the modelling procedure. 

In summary, the dynamic features most favorable to good control include 
(1) nearly constant sign and magnitude, (2) a fast response, (3) minimum delay, 
and (4) insensitivity to process changes. This good situation cannot always be 
achieved through process design, because processes are designed to meet additional 
requirements such as high pressures, volumes for reactor residence times, or area 
for mass transfer and heat transfer. However, the features that favor good control 
should be a consideration in the process design and must be known for the design 
of the process controls. 

The modelling procedures in this part provide methods for determining these 
features and for relating them to process equipment design and operating variables. 
There are many types of models used by engineers, so important aspects of these 
models used in this book are briefly summarized and compared with alternatives. 

1. Mathematical models: The following definition of a mathematical model was 
given by Denn (1986). 

A mathematical model of a process is a system of equations whose so¬ 
lution, given specific input data, is representative of the response of the 
process to a corresponding set of inputs. 

We will deal exclusively with mathematical models for process analysis. In 
contrast, experimental or analog methods can use physical models, like a 
model airplane in a wind tunnel or an electrical circuit, to represent the be¬ 
havior of a full-scale system empirically. 

2. Fundamental and empirical models: Fundamental models are based on such 
principles as material and energy conservation and can provide great insight as 
well as predictive power. For many systems, fundamental models can be very 
complex, and simplified empirical models based on experimental dynamic 
data are sufficient for many process control tasks. Both types of models are 
introduced in Part II. 

3. Steady-state and dynamic models: Both steady-state and dynamic models are 
used in process control analysis. Dynamic modelling is emphasized in this 
book because it is assumed that the reader has prior experience in steady-state 
modelling. 

4. Lumped and distributed models: Lumped models are valid for systems in 
which the properties of a system do not depend on the position within the sys¬ 
tem. For lumped systems, steady-state models involve algebraic equations, and 
dynamic models involve ordinary differential equations. Distributed models 
are valid for systems in which the properties depend on position, and their 
dynamic models involve partial differential equations. To maintain a manage- 



able level of mathematical complexity, essentially all models in this book will 
involve lumped systems, with the exception of a model for pure transportation 
delay in a pipe. Since many chemical process designs involve inventories that 
are approximately well-mixed, lumped models are often sufficient, but each 
system should be evaluated for the proper modelling assumptions. 

Finally, one must recognize that modelling is performed to answer specific 
questions; thus, no one model is appropriate for all situations. The methods in 
this part have been selected to provide the information required for the control 
analyses included in this book and provide only a limited introduction to the topic 
of process modelling. Many interesting modelling concepts, mathematical solution 
techniques, and results for important process structures are not included. Therefore, 
the reader is encouraged to refer to the references at the end of each chapter. 

REFERENCE 
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3.1 El INTRODUCTION 



The models addressed in this chapter are based on fundamental theories or laws, 
such as the conservations of mass, energy, and momentum. Of many approaches to 
understanding physical systems, engineers tend to favor fundamental models for 
several reasons. One reason is the amazingly small number of principles that can 
be used to explain a wide range of physical systems; thus, fundamental principles 
simplify our view of nature. A second reason is the broad range of applicability 
of fundamental models, which allow extrapolation (with caution) beyond regions 
of immediate empirical experience; this enables engineers to evaluate potential 
changes in operating conditions and equipment and to design new plants. Perhaps 
the most important reason for using fundamental models in process control is the 
analytical expressions they provide relating key features of the physical system 
(flows, volumes, temperatures, and so forth) to its dynamic behavior. Since chemi¬ 
cal engineers design the process, these relationships can be used to design processes 
that are as easy to control as possible, so that a problem created through poor pro¬ 
cess design need not be partially solved through sophisticated control calculations. 

The presentation in this chapter assumes that the reader has previously studied 
the principles of modelling material and energy balances, with emphasis on steady- 
state systems. Those unsure of the principles should refer to one of the many 
introductory textbooks in the area (e.g., Felder and Rousseau, 1986; Himmelblau, 
1982). In this chapter, a step-by-step procedure for developing fundamental models 
is presented that emphasizes dynamic models used to analyze the transient behavior 
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of processes and control systems. The procedure begins with a definition of the 
goals and proceeds through formulation, solution, results analysis, and validation. 
Analytical solutions will be restricted to the simple integrating factor for this 
chapter and will be extended to Laplace transforms in the next chapter. 

Experience has shown that the beginning engineer is advised to follow this 
procedure closely, because it provides a road map for the sequence of steps and a 
checklist of issues to be addressed at each step. Based on this strong recommen¬ 
dation, the engineer who closely follows the procedure might expect a guarantee 
of reaching a satisfactory result. Unfortunately, no such guarantee can be given, 
because a good model depends on the insight of the engineer as well as the pro¬ 
cedure followed. In particular, several types of models of the same process might 
be used for different purposes; thus, the model formulation and solution should 
be matched with the problem goals. In this chapter, the modelling procedure is 
applied to several process examples, with each example having a goal that would 
be important in its own right and leads to insights for the later discussions of 
control engineering. This approach will enable us to complete the modelling pro¬ 
cedure, including the important step of results analysis, and learn a great deal of 
useful information about the relationships between design, operating conditions, 
and dynamic behavior. 

3.2 0 A MODELLING PROCEDURE 

Modelling is a task that requires creativity and problem-solving skills. A general 
method is presented in Table 3.1 as an aid to learning and applying modelling 
skills, but the engineer should feel free to adapt the procedure to the needs of 


TABLE 3.1 

Outline of fundamental modelling procedure 


1. Define goals 

a. Specific design decisions 

b. Numerical values 

c. Functional relationships 

d. Required accuracy 

2 . Prepare information 

a. Sketch process and identify system 

b. Identify variables of interest 

c. State assumptions and data 

3. Formulate model 

a. Conservation balances 

b. Constitutive equations 

c. Rationalize (combine equations 
and collect terms) 

d. Check degrees of freedom 

e. Dimensionless form 

4. Determine solution 

a. Analytical 

b. Numerical 


5. Analyze results 

a. Check results for correctness 

1. Limiting and approximate answers 

2. Accuracy of numerical method 

b. Interpret results 

1. Plot solution 

2 . Characteristic behavior like 
oscillations or extrema 

3. Relate results to data and assumptions 

4. Evaluate sensitivity 

5. Answer "what if” questions 

6 . Validate model 

a. Select key values for validation 

b. Compare with experimental results 

c. Compare with results from more complex 
model 


particular problems. It is worth noting that the steps could be divided into two 
categories: steps 1 to 3 (model development) and steps 4 to 6 (model solution 
or simulation), because several solution methods could be applied to a particular 
model. All steps are grouped together here as an integrated modelling procedure, 
because this represents the vernacular use of the term modelling and stresses the 
need for the model and solution technique to be selected in conjunction to satisfy 
the stated goal successfully. Also, while the procedure is presented in a linear 
manner from step 1 to step 6, the reality is that the engineer often has to iterate to 
solve the problem at hand. Only experience can teach us how to “look ahead” so that 
decisions at earlier steps are made in a manner that facilitate the execution of later 
steps. Each step in the procedure is discussed in this section and is demonstrated 
for a simple stirred-tank mixing process. 
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Define Goals 

Perhaps the most demanding aspect of modelling is judging the type of model 
needed to solve the engineering problem at hand. This judgment, summarized in 
the goal statement, is a critical element of the modelling task. The goals should 
be specific concerning the type of information needed. A specific numerical value 
may be needed; for example, “At what time will the liquid in the tank overflow?” 
In addition to specific numerical values, the engineer would like to determine 
semi-quantitative information about the characteristics of the system’s behavior; 
for example, “Will the level increase monotonically or will it oscillate?” Finally, 
the engineer would like to have further insight requiring functional relationships; 
for example, “How would the flow rate and tank volume influence the time that 
the overflow will occur?” 

Another important factor in setting modelling goals is the accuracy of a model 
and the effects of estimated inaccuracy on the results. This factor is perhaps not 
emphasized sufficiently in engineering education—a situation that may lead to 
the false impression that all models have great accuracy over large ranges. The 
modelling and analysis methods in this book consider accuracy by recognizing 
likely errors in assumptions and data at the outset and tracing their effects through 
the modelling and later analysis steps. It is only through this careful analysis that 
we can be assured that designs will function properly in realistic situations. 

EXAMPLE 3.1. 

Goal. The dynamic response of the mixing tank in Figure 3.1 to a step change 
in the inlet concentration is to be determined, along with the way the speed and 
shape of response depend on the volume and flow rate. In this example, the outlet 
stream cannot be used for further production until 90% of the change in outlet con¬ 
centration has occurred; therefore, a specific goal of the example is to determine 
how long after the step change the outlet stream reaches this composition. 




Prepare Information 

The first step is to identify the system. This is usually facilitated by sketching the 
process, identifying the key variables, and defining the boundaries of the system 
for which the balances will be formulated. 



FIGURE 3.1 

Continuous-flow stirred tank. 
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The assumption of a well-stirred vessel is often employed in this book because 
even though no such system exists in fact, many systems closely approximate 
this behavior. The reader should not infer from the use of stirred-tank models in 
this book that more complex models are never required. Modelling of systems 
via partial differential equations is required for many processes in which product 
quality varies with position; distributed models are required for many processes, 
such as paper and metals. Systems with no spatial variation in important variables 
are termed lumped-parameter systems, whereas systems with significant variation 
in one or more directions are termed distributed-parameter systems. 

In addition to system selection, all models require information to predict a 
system’s behavior. An important component of the information is the set of as¬ 
sumptions on which the model will be based; these are selected after consideration 
of the physical system and the accuracy required to satisfy the modelling goals. 
For example, the engineer usually is not concerned with the system behavior at 
the atomic level, and frequently not at the microscopic level. Often, but not al¬ 
ways, the macroscopic behavior is sufficient to understand process dynamics and 
control. The assumptions used often involve a compromise between the goals of 
modelling, which may favor detailed and complex models, and the solution step, 
which favors simpler models. 

A second component of the information is data regarding the physicochemical 
system (e.g., heat capacities, reaction rates, and densities). In addition, the external 
variables that are inputs to the system must be defined. These external variables, 
sometimes termed forcing functions, could be changes to operating variables in¬ 
troduced by a person (or control system) in an associated process (such as inlet 
temperature) or changes to the behavior of the system (such as fouling of a heat 
exchanger). 

EXAMPLE 3.1. 

Information. The system is the liquid in the tank. The tank has been designed 
well, with baffling and impeller size, shape, and speed such that the concentration 
should be uniform in the liquid (Foust et al., 1980). 

Assumptions. 

1. Well-mixed vessel 

2. Density the same for A and solvent 

3. Constant flow in 

Data. 

1. F 0 = 0.085 m 3 /min; V = 2.1 m 3 ; C Aini , = 0.925 mole/m 3 ; AC A o = 0.925 mole/m 3 ; 
thus, C AQ = 1.85 mole/m 3 after the step 

2. The system is initially at steady state (C A0 = C A = C Ainit at t = 0) 

Note that the inlet concentration, C A0 , remains constant after the step change has 
been introduced to this two-component system. 


The system, or control volume, must be a volume within which the important prop¬ 
erties do not vary with position. 
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First, the important variables, whose behavior is to be predicted, are selected. Then 
the equations are derived based on fundamental principles, which usually can 
be divided into two categories: conservation and constitutive. The conservation 
balances are relationships that are obeyed by all physical systems under common 
assumptions valid for chemical processes. The conservation equations most often 
used in process control are the conservations of material (overall and component), 
energy, and momentum. 

These conservation balances are often written in the following general form 
for a system shown in Figure 3.2: 

Accumulation = in — out + generation (3.1) 

For a well-mixed system, this balance will result in an ordinary differential equation 
when the accumulation term is nonzero and in an algebraic equation when the 
accumulation term is zero. General statements of this balance for the conservation 
of material and energy follow. 
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OVERALL MATERIAL BALANCE. 


General lumped-parameter system. 


{Accumulation of mass} = {mass in} — {mass out} (3.2) 


COMPONENT MATERIAL BALANCE. 


{Accumulation of component mass} 

= {component mass in} — {component mass out} 
+ {generation of component mass} 

(3.3) 


ENERGY BALANCE. 

{Accumulation of U + PE + KE} = [U + PE + KE in due to convection} 

— {U + PE + KE out due to convection} 

+ Q-W 

(3.4) 

which can be written for a system with constant volume as 

{Accumulation of U + PE + KE} = {H + PE + KE in due to convection} 

— {H + PE + KE out due to convection} 

+ Q-W S 

(3.5) 

where H = U + pv = enthalpy 
KE = kinetic energy 
PE = potential energy 

pv = pressure times specific volume (referred to as flow work) 

Q = heat transferred to the system from the surroundings 
U = internal energy 

W = work done by the system on the surroundings 
W s = shaft work done by the system on the surroundings 




The equations are selected to yield information on the key dependent vari¬ 
ables whose behavior will be predicted within the defined system. The following 
guidelines provide assistance in selecting the proper balances. 

• If the variable is total liquid mass in a tank or pressure in an enclosed gas-filled 
vessel, a material balance is appropriate. 

• If the variable is concentration (mole/m 3 or weight fraction, etc.) of a specific 
component, a component material balance is appropriate. 

• If the variable is temperature, an energy balance is appropriate. 

Naturally, the model may be developed to predict the behavior of several dependent 
variables; thus, models involving several balances are common. 

In fact, the engineer should seek to predict the behavior of all important de¬ 
pendent variables using only fundamental balances. However, we often find that 
an insufficient number of balances exist to determine all variables. When this is the 
case, additional constitutive equations are included to provide sufficient equations 
for a completely specified model. Some examples of constitutive equations follow: 

Q = hA(AT) 
r A = k 0 e~ E/RT C A 
F = CA&P/P) 1 ' 2 
PV = nRT 
y; = Km 

The constitutive equations provide relationships that are not universally applicable 
but are selected to be sufficiently accurate for the specific system being studied. 
The applicability of a constitutive equation is problem-specific and is the topic of 
a major segment of the chemical engineering curriculum. 

An important issue in deriving the defining model equations is “How many 
equations are appropriate?” By that we mean the proper number of equations to 
predict the dependent variables. The proper number of equations can be determined 
from the recognition that the model is correctly formulated when the system’s 
behavior can be predicted from the model; thus, a well-posed problem should 
have no degrees of freedom. The number of degrees of freedom for a system is 
defined as 


Heat transfer: 

Chemical reaction rate: 
Fluid flow: 

Equation of state: 
Phase equilibrium: 


DOF = NV - NE (3.6) 

with DOF equal to the number of degrees of freedom, NV equal to the number of 
dependent variables, and NE equal to the number of independent equations. Not 
every symbol appearing in the equations represents a dependent variable; some 
are parameters that have known constant values. Other symbols represent external 
variables (also called exogenous variables); these are variables whose values are 
not dependent on the behavior of the system being studied. External variables may 
be constant or vary with time in response to conditions external to the system, 
such as a valve that is opened according to a specified function (e.g., a step). The 
value of each external variable must be known. NV in equation (3.6) represents 
the number of variables that depend on the behavior of the system and are to be 
evaluated through the model equations. 



It is important to recognize that the equations used to evaluate NE must be 
independent; additional dependent equations, although valid in that they also de¬ 
scribe the system, are not to be considered in the degrees-of-freedom analysis, 
because they are redundant and provide no independent information. This point is 
reinforced in several examples throughout the book. The three possible results in 
the degrees-of-freedom analysis are summarized in Table 3.2. 

After the initial, valid model has been derived, a rationalization should be 
considered. First, equations can sometimes be combined to simplify the overall 
model. Also, some terms can be combined to form more meaningful groupings 
in the resulting equations. Combining terms can establish the key parameters that 
affect the behavior of the system; for example, control engineering often uses 
parameters like the time constant of a process, which can be affected by flows, 
volumes, temperatures, and compositions in a process. By grouping terms, many 
physical systems can be shown to have one of a small number of mathematical 
model structures, enabling engineers to understand the key aspects of these physical 
systems quickly. This is an important step in modelling and will be demonstrated 
through many examples. 

A potential final modification in this step would be to transform the equation 
into dimensionless form. A dimensionless formulation has the advantages of (1) 
developing a general solution in the dimensionless variables, (2) providing a ratio¬ 
nale for identifying terms that might be negligible, and (3) simplifying the repeated 
solution of problems of the same form. A potential disadvantage is some decrease 
in the ease of understanding. Most of the modelling in this book retains problem 
symbols and dimensions for ease of interpretation; however, a few general results 
are developed in dimensionless form. 

EXAMPLE 3.1. 

Formulation. Since this problem involves concentrations, overall and compo¬ 
nent material balances will be prepared. The overall material balance for a time 
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TABLE 3.2 

Summary of degrees-of-freedom analysis 


DOF = NV - NE 

DOF = 0 The system is exactly specified, and the solution of the model can proceed. 

DOF < 0 The system is overspecified, and in general, no solution to the model exists 

(unless all external variables and parameters take values that fortuitously satisfy 
the model equations). This is a symptom of an error in the formulation. The likely 
cause is either (1) improperly designating a variable(s) as a parameter or 
external variable or (2) including an extra, dependent equation(s) in the model. 

The model must be corrected to achieve zero degrees of freedom. 

DOF > 0 The system is underspecified, and an infinite number of solutions to the model 
exists. The likely cause is either (1) improperly designating a parameter or external 
variable as a variable or (2) not including in the model all equations that determine 
the system's behavior. The model must be corrected to achieve zero degrees 
of freedom. 
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{Accumulation of mass} = {mass in} - {mass out} 
(pV)«+AO - (pV)« = F 0 pAr - FipAt 


(3.7) 

(3.8) 


with p = density. Dividing by Ar and taking the limit as Ar 


,0 

d{pV) d£ dV 

— ^ v .-di +p ir 


= pFo — pF| 


0 gives 


(3.9) 


The flow in, F 0 , is an external variable, because it does not depend on the 
behavior of the system. Because there is one equation and two variables (V and 
Fi) at this point, a constitutive expression is required for the flow out. Since the 
liquid exits by overflow, the flow out is related to the liquid level according to a weir 
equation, an example of which is given below (Foust et al., 1980). 

Fj = kfyj Z. — L w for L > Lw (3.10) 


with k F = constant, L = V/A, and L w = level of the overflow weir. In this problem, 
the level is never below the overflow, and the height above the overflow, L- L w , 
is very small compared with the height of liquid in the tank, L. Therefore, we will 
assume that the liquid level in the tank is approximately constant, and the flows in 
and out are equal, F 0 = F x = F 
dv 

— = Fo - F. = 0 V = constant (3.11) 

dt 

This result, stated as an assumption hereafter, will be used for all tanks with 
overflow, as shown in Figure 3.1. 

The next step is to formulate a material balance on component A. Since the 
tank is well-mixed, the tank and outlet concentrations are the same: 


Accumulation of 1 

| component 1 

component | 

f generation 1 

component A J " 

= 1 Ain I" 

A out J H 

h \ °fA | 


(MW a VC a ), + a, - (MW A VC A ), = (MW a FC ao - MW A FC A )Ar (3.13) 


with C A being moles/volume of component A and MW A being its molecular weight, 
and the generation term being zero, because there is no chemical reaction. Divid¬ 
ing by A t and taking the limit as At 0 gives 

MW A V^- = MW a F(C ao - C A ) (3.14) 

at 

One might initially believe that another balance on the only other component, 
solvent S, could be included in the model: 

MW s vf^ = MW s F(Cso - C s ) (3.15) 

at 

with Cs the moles/volume and MWs the molecular weight. However, equation (3.9) 
is the sum of equations (3.14) and (3.15); thus, only two of the three equations 
are independent. Therefore, only equations (3.11) and (3.14) are required for the 
model and should be considered in determining the degrees of freedom. The fol¬ 
lowing analysis shows that the model using only independent equations is exactly 
specified: 


Variables: 

External variables: 
Equations: 


C A and F\ 

F 0 and C A0 
(3.11) and (3.14) 


DOF = NV — NE = 2 — 2 = 0 
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Note that the variable / representing time must be specified to use the model 
for predicting the concentration at a particular time. 
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The model is formulated assuming that parameters do not change with time, 
which is not exactly correct but can be essentially true when the parameters change 
slowly and with small magnitude during the time considered in the dynamic mod¬ 
elling problem. What constitutes a “small” change depends on the problem, and 
a brief sensitivity analysis is included in the results analysis of this example to 
determine how changes in the volume and flow would affect the answer to this 
example. 


Mathematical Solution 

Determining the solution is certainly of importance. However, the engineer should 
realize that the solution is implicitly contained in the results of the Information and 
Formulation steps; the solution simply “figures it out.” The engineer would like 
to use the solution method that gives the most insight into the system. Therefore, 
analytical solutions are preferred in most cases, because they can be used to (1) cal¬ 
culate specific numerical values, (2) determine important functional relationships 
among design and operating variables and system behavior, and (3) give insight 
into the sensitivity of the result to changes in data. These results are so highly 
prized that we often make assumptions to enable us to obtain analytical solutions; 
the most frequently used approximation is linearizing nonlinear terms, as covered 
in Section 3.4. 

In some cases, the approximations necessary to make analytical solutions 
possible introduce unacceptable errors into the results. In these cases, a numeri¬ 
cal solution to the equations is employed, as described in Section 3.5. Although 
the numerical solutions are never exact, the error introduced can usually be made 
quite small, often much less than the errors associated with the assumptions and 
data in the model; thus, properly calculated numerical solutions can often be con¬ 
sidered essentially exact. The major drawback to numerical solutions is loss of 
insight. 

EXAMPLE 3.1. 


Solution. The model in equation (3.14) is a linear, first-order ordinary differential 
equation that is not separable. However, it can be transformed into a separable 
form by an integrating factor, which becomes more easily recognized when the dif¬ 
ferential equation is rearranged in the standard form as follows {see Appendix B): 


dC\ 1 1 .. V 2.1 m 3 „„ „ . 

—- + -C A = -C A o with — = —————— = 24.7 min = t = time constant 

dt x x F 0.085 m 3 /min 

(3.16) 


The parameter r is termed the time constant of the system and will appear in many 
models. The equation can be converted into separable form by multiplying both 
sides by the integrating factor, and the resulting equation can be solved directly: 
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Integrating factor = IF = exp 



= e ,/T 


th ( }_ c \ _ ,/T dC^ c de ,/z _ d(e ,/z C A ) £ao ,/t 

* V dt + t A J~ e dt +Ca dt ~ dt t 

fd{C A e "') = I dt = ^fj e' 1 ' dt 

C ^ = ^f-e t/x + l 

C A = C A0 + Ie~ ,/r 


(3.17) 


Note that the integration was simplified by the fact that C A o is constant after the 
step change (i.e., for t > 0). The initial condition is C A (0 = C/unu at t = 0, which 
can be used to evaluate the constant of integration, I. This formulation implies that 
the time t is measured from the introduction of the step change. 

/ = C A j n i t — C A o C A = C A0 + (C A i„it — C A o)e~ ,/z (3.18) 

(C A C A init) = [C A o — (C A o)init](l & 

The final equation has used the extra relationship that (C A0 )ini, = C7 Ain it. Sub¬ 
stituting the numerical values gives 

C A - 0.925 = (C A0 - 0.925X1 - e~ ,/24J ) 


Two important aspects of the dynamic behavior can be determined from equa¬ 
tion (3.18). The first is the “speed” of the dynamic response, which is characterized 
by the time constant, r. The second is the steady-state gain, which is defined as 


Steady-state gain = K p — 


A output 
A input 


AC a 

ACao 


= 1.0 


Note that in this example the time constant depends on the equipment (V) 
and operation of the process (F), and the steady-state gain is independent of 
these design and operating variables. These values are not generally applicable 
to other processes. 




Results Analysis 

The first phase of the results analysis is to evaluate whether the solution is correct, 
at least to the extent that it satisfies the formulation. This can be partially verified by 
ensuring that the solution obeys some limiting criteria that are more easily derived 
than the solution itself. For example, the result 

• Satisfies initial and final conditions 

• Obeys bounds such as adiabatic reaction temperature 

• Contains negligible errors associated with numerical calculations 

• Obeys semi-quantitative expectations, such as the sign of the output change 

Next, the engineer should “interrogate” the mathematical solution to elicit the 
information needed to achieve the original modelling goals. Determining specific 
numerical values is a major part of the results analysis, because engineers need 
to make quantitative decisions on equipment size, operating conditions, and so 


forth. However, results analysis should involve more extensive interpretation of 
the solution. When meaningful, results should be plotted, so that key features like 
oscillations or extrema (maximum or minimum) will become apparent. Important 
features should be related to specific parameters or groups of parameters to assist 
in understanding the behavior. Also, the sensitivity of the result to changes in 
assumptions or data should be evaluated. Sometimes this is referred to as what-if 
analysis, where the engineer determines what happens if a parameter changes by a 
specified amount. A thorough results analysis enables the engineer to understand 
the result of the formulation and solution steps. 

EXAMPLE 3.1. 

Results analysis. The solution in equation (3.18) is an exponential curve as 
shown in Figure 3.3. The shape of the curve is monotonic, with the maximum 
rate of change occurring when the inlet step change is entered. The manner in 
which the variable changes from its initial to final values is influenced by the time 
constant (r), which in this problem is the volume divided by the flow. Thus, the 
same dynamic response could be obtained for any stirred tank with values of flow 
and volume that give the same value of the time constant. It is helpful to learn a 
few values of this curve, which we will see so often in process control. The values 
for the change in concentration for several values of time after the step are noted 
in the following table. 


Time from step 

Percent of final steady-state change in output 

0 

0 

r 

63.2 

2t 

86.5 

3t 

95.0 

4r 



The specific quantitative question posed in the goal statement involves deter¬ 
mining the time until 90 percent of the change in outlet concentration has occurred. 
This time can be calculated by setting C A = C A mit + 0.9(C A o - C Ai „u) in equation 
(3.18), which on rearrangement gives 

r = -r In f ~^ - C - Ao1 ) = —(24.7)(—2.30) = 56.8 min 

Note that this is time from the introduction of the step change, which, since the step 
is introduced at t = 10, becomes 66.8 in Figure 3.3. One should ask how important 
the specification is; if it is critical, a sensitivity analysis should be performed. For 
example, if the volume and flow are not known exactly but can change within 
± 5 percent of their base values, the time calculated above is not exact. The range 
for this time can be estimated from the bounds on the parameters that influence 
the time constant: 

Maximum ' “ - (0 2 085 ( ) 1 (0°95) ( ~ 2 ' 30) “ 62 8mi " 

Mini " , “ ,n ' = ~ (0 2 0^K1 9 05) ( ~ 2 ' 30) = 5I ' 4 mi " 

Given the estimated inaccuracy in the data, one should wait at least 62.8 (not 56.8) 
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Time (min) 


FIGURE 3.3 

Dynamic result for Example 3.1. 


minutes after the step to be sure that 90 percent of the concentration change has 
occurred. 


VALIDATION. Validation involves determining whether the results of steps 1 
through 5 truly represent the physical process with the required fidelity for the 
specified range of conditions. The question to be evaluated is, “Does the model 
represent the data well enough that the engineering task can be performed using 
the model?” Since we know that all models are simplified representations of the 
true, complex physical world, this question must be evaluated with careful atten¬ 
tion to the application of the model. We do not have enough background in control 
engineering at this point, so the sensitivity of process and control design to mod¬ 
elling errors must be deferred to a later point in the book; however, all methods 
will be based on models, so this question will be addressed frequently because of 
its central importance. 

While the sensitivity analysis in step 5 could build confidence that the results 
are likely to be correct, a comparison with empirical data is needed to evaluate 
the validity of the model. One simple step is to compare the results of the model 
with the empirical data in a graph. If parameters are adjusted to improve the fit of 
the model to the data, consideration should be taken of the amount the parameters 
must be adjusted to fit the data; adjustments that are too large raise a warning that 
the model may be inadequate to describe the physical system. 









It is important to recognize that no set of experiences can validate the model. 
Good comparisons only demonstrate that the model has not been invalidated by 
the data; another experiment could still find data that is not properly explained 
by the model. Thus, no model can be completely validated, because this would 
require an infinite number of experiments to cover the full range of conditions. 
However, data from a few experiments can characterize the system in a limited 
range of operating variables. Experimental design and modelling procedures for 
empirical models are the topic of Chapter 6. 

EXAMPLE 3.1. 

Validation. The mixing tank was built, the experiment was performed, and sam¬ 
ples of the outlet material were analyzed. The data points are plotted in Figure 3.4 
along with the model prediction. By visual evaluation and considering the accuracy 
of each data point, one would accept the model as “valid" (or, more accurately, 
not invalid) for most engineering applications. 


61 


A Modelling 
Procedure 


The modelling procedure presented in this section is designed to ensure that 
the most common issues are addressed in a logical order. While the procedure is 
important, the decisions made by the engineer have more impact on the quality of 
the result than the procedure has. Since no one is prescient, the effects of early as¬ 
sumptions and formulations may not be appropriate for the goals. Thus, a thorough 
analysis of the results should be performed so that the sensitivity of the conclusions 
to model assumptions and data is clearly understood. If the conclusion is unduly 
sensitive to assumptions or data, an iteration would be indicated, employing a more 



Comparison of empirical data (squares) and model (line) for 

Example 3.1. 
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rigorous model or more accurate data. Thus, the procedure contains the essential 
opportunity for evaluation and improvement. 


3.3 0 MODELLING EXAMPLES 

Most people learn modelling by doing modelling, not observing results of others! 
The problems at the end of the chapter, along with many solved and unsolved 
problems in the references and resources, provide the reader with ample opportu¬ 
nity to develop modelling skills. To assist the reader in applying the procedure to 
a variety of problems, this section includes a few more solved example problems 
with solutions. In all examples, steps 1 to 5 are performed, but validation is not. 

EXAMPLE 3.2. Isothermal CSTR 

The dynamic response of a continuous-flow, stirred-tank chemical reactor (CSTR) 
will be determined in this example and compared with the stirred-tank mixer in 
Example 3.1. 

Coal. Determine the dynamic response of a CSTR to a step in the inlet concen¬ 
tration. Also, the reactant concentration should never go above 0.85 mole/m 3 . If 
an alarm sounds when the concentration reaches 0.83 mole/m 3 , would a person 
have enough time to respond? What would a correct response be? 

Information. The process is the same as shown in Figure 3.1, and therefore, the 
system is the liquid in the tank. The important variable is the reactant concentration 
in the reactor. 

Assumptions. The same as for the stirred-tank mixer. 

Data. The flow, volume, and inlet concentrations (before and after the step) are 
the same as for the stirred-tank mixer in Example 3.1. 


1. F=0.085 m 3 /min; V=2.1 m 3 ; (C A o)init =0.925 mole/m 3 ; AC A o=0.925 mole/m 3 . 

2. The chemical reaction is first-order, r A = -/tC A with k = 0.040 min -1 . 

3. The heat of reaction is negligible, and no heat is transferred to the surround¬ 
ings. 

Formulation. Based on the model of the stirred-tank mixer, the overall material 
balance again yields F 0 = F\ = F. To determine the concentration of reactant, a 
component material balance is required, which is different from that of the mixing 
tank because there is a (negative) generation of component A as a result of the 
chemical reaction. 

( Accumulation of 1 f component 1 f component 1 f generation 1 

component A J \ Ain J \ A out J \ of A J ' ' 

(MW A VC A ), +A , - (MW A VC A ), = (MW a FC ao - MW A FC A - MW A VkC A )&t (3.20) 

Again, dividing by MW A (At) and taking the limit as Ar -»• 0 gives 

dC K 1 F V 

+ -C A = — C A o with the time constant r = — — (3.21) 

The degrees-of-freedom analysis yields one equation, one variable (C A ), two ex¬ 
ternal variables (F and C A0 ), and two parameters (V and it). Since the number of 
variables is equal to the number of equations, the degrees of freedom are zero, 
and the model is exactly specified. 



Solution. Equation (3.21) is a nonseparable linear ordinary differential equation, 
which can be solved by application of the integrating factor: 


IF = exp 



= e' /T 


I d(C A e' /T ) = ^ j e" z dt 
C A e ,,x = + / 

C A = ^C A0 + /e-' /r 


(3.22) 


The data give the initial condition of the inlet concentration of 0.925 mole/m 3 
at the time of the step, t = 0. The initial steady-state reactor concentration can be 
determined from the data and equation (3.21) with dC A /dt = 0. 


(C/Oinit — 


F + Vk 


(C A o)ii 


0.085 


0.085 + (2.1) (0.040) 

The constant of integration can be evaluated to be 


0.925 = 0.465 


mole 


nv 


j _ ^[(CAoIinn ~ (Caq)] -F(AC a0 ) 

F + Vk F + VK 

This can be substituted in equation (3.22) to give 
_ FC ao _ F(AC ao ) _ tjx 
A F + Vk F + Vk e 

(3.23) 

= (Ca) ini, + y^^tC A o - (C A0 )ini,](l - e-'!') 

This can be rearranged with K p = F/(F + Vk) to give the change in reactor 
concentration. 


Ca ~ (C A ) init = K p AC ao (\ - e~ ,/z ) 

A C A = (0.503) (0.925) (1 - e~ ,/T ) 


Again, the time constant determines the “speed” of the response. Note that in this 
example, the time constant depends on the equipment (V), the operation (F), and 
the chemical reaction ( k ), and that by comparing equations (3.16) and (3.21) the 
time constant for the chemical reactor is always shorter than the time constant for 
the mixer, using the same values for F and V. Their numerical values are 

r = TTVK = 0.085 + 2.1(0.040) = l2Anun 


K = - = °- 085 _ o 503 ^ ole /m 3 

p F + VK 0.085 + 2.1(0.04) mole/m 3 

Thus, the steady-state gain and time constant in this example depend on equip¬ 
ment design and operating conditions. 


Results analysis. First, the result from equation (3.23) is calculated and plot¬ 
ted. As shown in Figure 3.5a, the reactant concentration increases as an expo¬ 
nential function to its final value without overshoot or oscillation. In this case, the 
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concentration exceeds its maximum limit; therefore, a corrective action will be 
evaluated. The concentration reaches the alarm limit in 19.6 minutes after the step 
(29.6 minutes in the figure) and exceeds the maximum limit after 22.5 minutes. 
The sensitivity of this result can be evaluated from the analytical solution; in partic¬ 
ular, the dependence of the time constant on variables and parameters is given in 
equation (3.21). The time difference between the alarm and the dangerous condi¬ 
tion is too short for a person to respond reliably, because other important events 
may be occurring simultaneously. 

Since a response is required, the safety response should be automated; safety 
systems are discussed in Chapter 24. A proper response can be determined by 
considering equation (3.21). The goal is to ensure that the reactor concentration 
decreases immediately when the corrective manipulation has been introduced. 
One manner (for this, but not all processes) would be to decrease the inlet con¬ 
centration to its initial value, so that the rate of change of C A would be negative 
without delay. The transient response obtained by implementing this strategy when 
the alarm value is reached is shown in Figure 3.5b. The model for the response 
after the alarm value has been reached, 29.6 minutes, is of the same form as 
equation (3.23), with the same time constant and gain. 


EXAMPLE 3.3. Two isothermal CSTR reactors 

A problem similar to the single CSTR in Example 3.2 is presented, with the only 
difference that two series reactors are included as shown in Figure 3.6. Each tank 
is one-half the volume of the tank in Example 3.2. 

Goal. The same as that of Example 3.2, with the important concentration be¬ 
ing in the second reactor. Determine the time when this concentration exceeds 
0.85 mole/m 3 . 
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Results for Example 3*2: (a) without action at the alarm value; (6) with action at the alarm value, 
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FIGURE 3.6 


Two CSTRs in series. 


Modelling Examples 


Information. The two systems are the liquid in each tank. The data is the same 
as in Example 3.2, except that V\ = V 2 = 1.05 m 3 . 


1. F = 0.085 m 3 /min; (C A o)i„i, = 0.925 mole/m 3 ; AC A o = 0.925 mole/m 3 . 

2. The chemical reaction is first-order, r A = -kC A with k = 0.040 min -1 . 

3. The reactor is well mixed and isothermal. 

Formulation. Again, due to the assumptions for the overflow tanks, the volumes 
in the two tanks can be taken to be constant, and all flows are constant and equal. 
The value of the concentration in the second tank is desired, but it depends on the 
concentration in the first tank. Therefore, the component balances on both tanks 


are formulated. 



First tank: 

V ] ^ = F(C M -C Al )- v l kC M 

(3.24) 

Second tank: 

= F(C m - C A2 ) - V 2 kCb2 

(3.25) 


The result is two linear ordinary differential equations, which in general must be 
solved simultaneously. Note that the two equations could be combined into a single 
second-order differential equation; thus, the system is second-order. 

Before proceeding to the solution, we should discuss a common error in for¬ 
mulating a model for this example. The engineer might formulate one component 
material balance, as given in the following. 

Incorrect model 


System: liquid in both tanks 

Component balance: = F(C A0 - C^) - VkC A2 

at 

The choice of the system is not correct, because a balance on component A (C A2 ) 
must have a constant concentration of component A that is independent of location 
within the system. This condition is satisfied by the second tank, but not by both 
tanks. Also, the reaction rate depends on the concentration, which is different for 
the two tanks. Therefore, the correct model includes two component balances, one 
for each tank. Note that the correct model includes a balance for an intermediate 
variable, C AI , that is not a goal of the modelling but is required to determine C A2 . 
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Solution. In equations (3.24) and (3.25), the balance on the first tank does not in¬ 
volve the concentration in the second tank and thus can be solved independently 
from the equation representing the second reactor. (More general methods for 
solving simultaneous linear differential equations, using Laplace transforms, are 
presented in the next chapter.) The solution for the first balance can be seen to be 
exactly the same form as the result for Example 3.2, equation (3.23). The analytical 
expression for the concentration at the outlet of the first tank can be substituted into 
equation (3.25) to give the model which must be solved. In this solution, the sub¬ 
script V designates the initial steady-state value of the variable before the step, 
and no subscript indicates the variable after the step; also, AC ao = C A0 - Cm- 
Therefore, the model for after the substitution of equation (3.23) is 


C 

8 

i 

o 
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Time (min) 

FIGURE 3.7 

Dynamic responses for Example 3.3. 


r-^ + C A2 = KC m = K[KC Ms + * AC a0 (1 ~ e~' /z )] (3.26) 

dt 

Since the two reactors are identical (and linear), the steady-state gains and time 
constant for both are identical, i.e., 

K = F\/{F\ + V\k) = F 2 /(F 2 + V 2 k) = 0.669 (outlet mole/m 3 ) /(inlet mole/m 3 ) 

r = Vi/iFi + Vik ) = V 2 /(F 2 + V 2 jt) = 8.25 min 

(3.27) 

Equation (3.26) can be solved by applying the integrating factor method. 

IF = exp ^ dt^j = e ,/z 

rf(C * 2 ?— = K[KC M s + *AC a o( 1 - e(3.28) 

dt t 

C A2 = a: 2 j e <h dt + J e' /T dt - J e~ ,lx e ,lz dtj e~' /T 

Cpa = Al 2 ^C A oj + AC A o- -^-te~ , ^ S ^ + le ^ T 

The integration constant can be evaluated using the initial condition of the reactor 
concentration, which can be determined by setting </C A2 /dr = 0 in equation (3.26) 
to give C« = K 2 (C A0s ) at t = 0. 

K 2 C a0s = K 2 ( C A oj + AC A o -7””"^ ,/,r J + Id~'^ z when t = 0 

I = -K 2 AC ao 

Substituting the expression for the integration constant into equation (3.28) gives 
the final expression for the concentration in the second reactor. 

C A2 = K 2 1 C AOl + AC ao (1 - e~' /z ) - AC A0 e~' /r J (3.29) 

The data can be substituted into equation (3.29) to give 

Caz = 0.414 + 0.414(1 - e~' /S 25 ) - 0.050r<T ,/8 - 25 (3.30) 

Results analysis. The shape of the transient of the concentration in the second 
of two reactors in Figure 3.7 is very different from the transient for one reactor in 
Figure 3.3. The second-order response for this example has a sigmoidal or “S" 
shape, with a derivative that goes through a maximum at an inflection point and 
reduces to zero at the new steady state. Also, the total conversion of reactant 
is different from Example 3.2, although the total reactor volume is the same in 






both cases. The increased conversion in the two-reactor system is due to the 
higher concentration of the reactant in the first reactor. In fact, the concentration 
of the second reactor does not reach the alarm or limiting values after the step 
change for the parameters specified, although the close approach to the alarm 
value indicates that a slight change could lead to an alarm. 

The action upon exceeding the alarm limit in the second reactor would not be 
as easily determined for this process, since equation (3.25) shows that decreas¬ 
ing the inlet concentration to the first reactor does not ensure that the derivative 
of the second reactor's concentration will be negative. The system has “momen¬ 
tum,’' which makes it more difficult to influence the output of the second reactor 
immediately. 



Modelling Examples 


EXAMPLE 3.4. On/off room heating 

The heating of a dwelling with an on/off heater was discussed in Section 1.2. The 
temperature was controlled by a feedback system, and semi-quantitative argu¬ 
ments led to the conclusion that the temperature would oscillate. In this section, a 
very simple model of the system is formulated and solved. 

Goal. Determine the dynamic response of the room temperature. Also, ensure 
that the furnace does not have to switch on or off more frequently than once per 
3 minutes, to allow the combustion zone to be purged of gases before reignition. 

Information. The system is taken to be the air inside the dwelling. A sketch of 
the system is given in Figure 1.2. The important variables are the room temperature 
and the furnace on/off status. 

Assumptions. 

1. The air in the room is well mixed. 

2. No transfer of material to or from the dwelling occurs. 

3. The heat transferred depends only on the temperature difference between the 
room and the outside environment. 

4. No heat is transferred from the floor or ceiling. 

5. Effects of kinetic and potential energies are negligible. 

Data. 

1. The heat capacity of the air C v is 0.17 cal/(g°C), density is 1190 g/m 3 . 

2. The overall heat transfer coefficient, UA = 45 x 10 3 cal/(°C h). 

3. The size of the dwelling is 5 m by 5 m by 3 m high. 

4. The furnace heating capacity Q h is either 0 (off) or 1.5 x 10 6 (on) cal/h. 

5. The furnace heating switches instantaneously at the values of 17°C (on) and 
23°C (off). 

6 . The initial room temperature is 20°C and the initial furnace status is “off." 

7. The outside temperature T„ is 10°C. 

Formulation. The system is defined as the air inside the house. To determine the 
temperature, an energy balance should be formulated, and since no material is 
transferred, no material balance is required. The application of the energy balance 
in equation (3.5) to this system gives 

^L = (0)-(0) + q-W s (3.31) 

at 

The shaft work is zero. From principles of thermodynamics and heat transfer, the 
following expressions can be used for a system with negligible accumulation of 
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potential and kinetic energy: 


with 


to give 


^ = pVC v ^~ Q = —UA(T - T a ) + Q h 
at at 


when T > 23°C 
when T < 17°C 
when 17 < T < 23°C 


0 

Q» = \ 1.5 xlO 6 
unchanged 

pVCv^- = -UA(T - T a ) + Q h 
at 


(3.32) 


(3.33) 


The degrees of freedom for this formulation is zero since the model has two equa¬ 
tions, two variables (T and Q h ), four parameters (UA, C v , V, and p), and one exter¬ 
nal variable (r a ). Thus, the system is exactly specified with equation (3.33), when 
the status of the heating has been defined by equation (3.32). 


Solution. Rearranging equation (3.33) gives the following linear ordinary differ¬ 
ential equation: 


dT 1 UATg + 
dt + T VpC v 


with t = 


VpCy 

UA 


(3.34) 


Equation (3.34) is a linear differential equation when the value of heat transferred, 
Q h , is constant. As described in the example data, Q h has one of two constant 
values, depending on the status of the furnace heating. Thus, the equation can be 
solved using the integrating factor with one value of Q h until the switching value 
of temperature is reached; then, the equation is solved with the appropriate value 
of Q h until the next switch occurs. The solution for equation (3.34) is given in the 
following: 


T - r init = (r fina , - TinitXl - e~" x ) (3.35) 


where t = time from step in Q h 

x — time constant = 0.34 h 
r final = final value of T as t —*■ oo = T a + Qh/UA 
= 10°C when Q h = 0 
= 43.3°C when Q h = 1.5 x 10 6 
Time = the value of T when a step in Q h occurs 


Results analysis. First, the numerical result is determined and plotted in Figure 
3.8. From the initial condition with the furnace off, the temperature decreases 
according to equation (3.35) until the switch value of 17°C is reached. Then, the 
furnace heating begins instantaneously (Q h changes from 0 to 1.5 x 10 6 ), and 
since the system is first-order with no “momentum,” the temperature immediately 
begins to increase. This procedure is repeated as the room temperature follows a 
periodic trajectory between 17 and 23°C. 

The analytical solution provides insight into how to alter the behavior of the 
system. The time constant is proportional to the mass in the room, which seems 
reasonable. Also, it is inversely proportional to the heat transfer coefficient, since 
the faster the heat transfer, the more quickly the system reaches an equilibrium 
with its surroundings; therefore, insulating the house will decrease UA and increase 
the time constant. Finally, the time constant does not depend on the heating by 
the furnace, which is the forcing function of the system; therefore, increasing the 
capacity of the furnace will not affect the time constant, although it will affect the 
time between switches. 
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FIGURE 3.8 


Dynamic response for Example 3.4. 


Linearization 


The goals of the modelling exercise have been satisfied. The temperature has 
been determined as a function of time, and the switching frequency of the furnace 
has been determined to be over 3 minutes; that is, longer than the minimum limit. 
However, a switch could occur much faster due to a sudden change in outside 
temperature or to a disturbance such as a door being opened, which would allow 
a rapid exchange of warm and cold air. Therefore, a special safety system would 
be included to ensure that the furnace would not be restarted until a safe time 
period after shutting off. 

Building heating and air conditioning have been studied intensively, and more 
accurate data and models are available (McQuiston and Parker, 1988). Also, some 
extensions to this simple example are suggested in question 3.9 at the end of the 
chapter (adding capacitance, changing UA, and including ventilation). 

This example is the first quantitative analysis of a continuous feedback con¬ 
trol system. The simplicity of the model and the on/off control approach facilitated 
the solution while retaining the essential characteristics of the behavior. For most 
industrial processes, the oscillations associated with on/off control are unaccept¬ 
able, and more complex feedback control approaches, introduced in Part III, are 
required to achieve acceptable dynamic performance. 


3.4 Q LINEARIZATION 

The models in the previous sections were easily solved because they involved 
linear equations, which were a natural result of the conservation balances and con¬ 
stitutive relationships for the specific physical systems. However, the conservation 
and constitutive equations are nonlinear for most systems, and general methods for 
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developing analytical solutions for nonlinear models are not available. An alter¬ 
native is numerical simulation, covered later in this chapter, which can provide 
accurate solutions for specific numerical values but usually offers much less un¬ 
derstanding. Fortunately, methods exist for obtaining approximate linearized so¬ 
lutions to nonlinear systems, and experience over decades has demonstrated that 
linearized methods of control systems analysis provide very useful results for many 
(but not all) realistic processes. Therefore, this section introduces the important 
method for developing approximate linear models. 

First, the concept of linearity needs to be formally defined. This will be done 
using the concept of an operator, which transforms an input variable into an output 
variable. 



which are included in the following superposition, where are variables and a and 
b are constants: 


F(ax i + bx 2 ) — aFijc\) + bFix 2 ) 


(3.36) 


We can test any term in a model using equation (3.36) to determine whether it is 
linear. A few examples are given in the following table. 


Function 


Check for linearity 


Is check satisfied? 


Fix) = kx k(ax\ + bx 2 ) = kax\ + kbx 2 Yes 

Fix) = kx i/2 kiaxy + bx 2 ) 1/2 = kiax i) 1/2 + k(bx 2 ) l/2 No 




F 



FIGURE 3.9 

Stirred tank with heat exchanger. 


Next, it is worthwhile considering the dynamic behavior of a process, such as 
the stirred-tank heat exchanger shown in Figure 3.9, subject to changes in the feed 
temperature and cooling fluid flow rate. For a linear system, the result of the two 
changes is the sum of the results from each change individually. The responses to 
step changes in the feed temperature (at t = 5) and cooling medium flow rate (at 
t = 20) are shown in Figure 3.10. The responses in parts a and b are the effects 
of each disturbance individually, and the response in part c is the total effect, 
which for this linear process is the sum of the two individual effects. Note that the 
true physical system experiences only the response in Figure 3.10c; the individual 
responses are the linear predictions for each input change. (The model for this 
system will be derived in Example 3.7.) This concept, as an approximation to real 
nonlinear processes, is used often in analyzing process control systems. 

A linearized model can be developed by approximating each nonlinear term 
with its linear approximation. A nonlinear term can be approximated by a Taylor 
series expansion to the nth order about a point if derivatives up to nth order exist at 
the point; the general expressions for functions of one and two variables are given 
in Table 3.3. 

The term R is the remainder and depends on the order of the series. A few 
examples of nonlinear terms that commonly occur in process models, along with 



TABLE 3.3 

Taylor series for functions of one and two variables 
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Function of one variable about x , 


dF 

Fix) = F(x s ) + — 
dx 


(j: - j:,) + 


1 d 2 F 


2! dx 2 


(x-x s f + R 


Function of two variables about x tsi x* 


3 F 

F(X\,X 2 ) = F(X U , X2s) + — 

dx i 


X\s>X2* 


, X dF 

(■*1 - *i,) + — 

dx 2 


(X2 ~ X ls ) 




+ 


l d 2 F 


2! dx} 
d 2 F 


(jfi - *i,) 2 + 


i d 2 F 


X\s<X2s 


2! 34 


(X2-X2,) 2 




dx{dx 2 


C*l -^li)(^2 -^2j) + R 


JTIJ.-C2. 


(3.38) 


(3.39) 


their linear approximations about x s , are the following: 


_ r 1/2 


F(x) = x 
x 


F(x) ^ x { J 2 + ^x s l/2 (x - x s ) 


F(x) = 


1 +ax 


F(x) 


+ 


1 


1+aXj. (l+axj) 2 


(x - x s ) 


The accuracy of the linearization can be estimated by comparing the magnitude 
of the remainder, R', to the linear term. For a linear Taylor series approximation 
in one variable. 


liL 

2 dx* 


C x — x s ) 2 with ^ between jc and x s 


(3.37) 


X=l; 


The accuracy of a sample linearization is depicted in Figure 3.11. From this 
figure and equation (3.37), it can be seen that the accuracy of the linear approxima¬ 
tion is relatively better when (1) the second-order derivative has a small magnitude 
(there is little curvature) and (2) the region about the base point is small. The suc¬ 
cessful application of linearization to process control systems is typically justified 
by the small region of operation of a process when under control. Although the 
uncontrolled system might operate over a large region because of disturbances in 
input variables, the controlled process variables should operate over a much smaller 
range, where the linear approximation often is adequate. Note that the accuracy of 
the linearization would in general depend on the normal operating point x s . 

Several modelling examples of linearized models are now given, with the 
linearized results compared with the nonlinear results. In all cases, the models 
will be expressed in deviation variables, such as x — x s , where the subscript s 
represents the steady-state value of the variable. The deviation variable will always 
be designated with a prime (')• 


Deviation variable: (x - x s ) = x' with jc, = steady-state value 


Linearization 





FIGURE 3.10 

Response of the linear system in 
Figure 3.9 to positive step changes in 
two input variables. To and F c . 
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Comparison of a nonlinear function y = (1.5x 2 + 3) with its linear 
approximation about x s = 1. 



A deviation variable simply translates the variable value (x) by a constant, and 
the value of the variable (x) is easily recovered by adding the initial steady-state 
value Xj to its deviation value, x'. The use of deviation variables is not necessary 
and provides no advantage at this point in our analysis. However, expressing a 
model in deviation variables will be shown in Chapter 4 to provide a significant 
simplification in the analysis of dynamic systems; therefore, we will begin to use 
them here for all linear or linearized systems. 

EXAMPLE 3.5. Isothermal CSTR 

The solution to the single-tank CSTR problem in Example 3.2 is now presented for 
a second-order chemical reaction. 

Goaf. Determine the transient response of the tank concentration in response to 
a step in the inlet concentration for the nonlinear and linearized models. 

Information. The process equipment and flow are the same as shown in Figure 
3.1. The important variable is the reactant concentration in the reactor. 

Assumptions. The same as in Example 3.1. 

Data. The same as in Example 3.2 except the chemical reaction rate is second- 
order, with r A = -kC\ and k = O.5[(mole/m 3 ) min] -1 . 

1. F=0.085m 3 /min; V=2.1 m 3 ; (C A o)imt = 0.925 mole/m 3 ; AC a0 = 0.925 mole/m 3 ; 
(C A )i„i, =0.236 mole/m 3 . 

2. The reactor is isothermal. 

Formulation. The formulation of the equations and analysis of degrees of free¬ 
dom are the same as in Example 3.2 except that the rate term involves the reactant 





concentration to the second power. 

V ~dt i = F(Cao “ Ca) " VkC a (3.40) 

To more clearly evaluate the model for linearity, the values for all constants (in this 
example) can be substituted into equation (3.40), giving the following: 

(2.1)~ = (0.085)(1.85 - C A ) - (2.1)(0.50)C 3 

The only nonlinear term in the equation is the second-order concentration term in 
the rate expression. This term can be linearized by expressing it as a Taylor series 
and retaining only the linear terms: 

C\ * Cl + 2 Cm (C a - Cm) (3.41) 

Recall that Cm is evaluated by setting the derivative to zero in equation (3.40) 
and solving for C A , with C A o having its initial value before the input perturbation, 
because the linearization is about the initial steady state. The approximation is 
now substituted in the process model: 

V lit L = F(Cao “ Ca) ” [VkC a * + 2vkc *( c * ~ c a *)1 ( 3 - 42 ) 

The model can be expressed in deviation variables by first repeating the linearized 
model, equation (3.42), which is valid for any time, at the steady-state point, when 
the variable is equal to its steady-state value: 

° = V ^T = F(Ca0 ' 5 “ Cas) ~ + 2 ^Ca. s (Ca, - Ca,)] (3.43) 

Then equation (3.43) can be subtracted from equation (3.42) to give the equation 
in deviation variables: 

dC' 

V= F(C' a0 - C' A ) - 2VIcCmC a (3.44) 

The resulting model is a first-order, linear ordinary differential equation, which can 
be rearranged into the standard form: 

dC' 1 F V 

nr + -, c ‘> = v c '“ wllhr = f + 2vtc A , =3 ' 62mln (a45) 

Solution. Since the input forcing function is again a simple step, the analytical 
solution can be derived by a straightforward application of the integrating factor: 

c * - c ‘" {fTWkz) " - - ac « <: ' (1 - e '"'> 

with 

K p = — + 2 Vj<c = °- 146 and ac ao = 0.925 mole/m 3 (3.46) 

The data can be substituted into this expression to give 

C’ A = (0.925X0.146)(1 - e- ,/X62 ) 

Results Analysis. The linearized solution from equation (3.46) is plotted in Fig¬ 
ure 3.12 in comparison with the solution to the original nonlinear differential 
equation, equation (3.40). The linear solution can be seen to give a good semi- 
quantitative description of the true process response. 



Linearization 



Deviation 

variables 

- 1 - 1 
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FIGURE 3.12 

Dynamic responses for Example 3.5, 


An important advantage of the linearized solution is in the analytical relation¬ 
ships. For example, the time constants and gains of the three similar continuous- 
flow stirred-tank processes—mixer, linear reactor, and linearized model of nonlin¬ 
ear reactor—are summarized in Table 3.4. These results can be used to learn how 
process equipment design and process operating conditions affect the dynamic 
responses. Clearly, the analytical solutions provide a great deal of useful informa¬ 
tion on the relationship between design and operating conditions and dynamic 
behavior. 




i >■ \ 


TABLE 3.4 

Summary of linear or linearized models for single stirred-tank systems 


Physical system 

Is the system 
linear? 

Time constant 
(r) 

Steady-state gain, 

Example 3.1 (CST mixing) 

Yes 

V/F 

1.0 

Example 3.2 (CSTR with 
first-order reaction) 

Yes 

V/(F + Vk ) 

F/{F + Vk) 

Example 3.5 (CSTR with 
second-order reaction) 

No 

V/(F + 2 VkC^) 
(linearized model) 

F/(F + 2VkC\ s ) 
(linearized model) 
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EXAMPLE 3.6. Tank draining 

The level and flow through a partially opened restriction out of the tank system in 
Figure 3.13 is considered in this example. 

Goal. Determine a model for this system. Evaluate the accuracies of the lin¬ 
earized solutions for small (10 m 3 /h) and large (60 m 3 /h) step changes in the inlet 
flow rate. 

Information. The system is the liquid in the tank, and the important variables 
are the level and flow out. 

Assumptions. 

1. The density is constant. 

2. The cross-sectional area of the tank, A, does not change with height. 

Data. 

1 . The initial steady-state conditions are (i) flows = F 0 = F, = 100 m 3 /h and (ii) 
level = L = 7.0 m. 

2. The cross-sectional area is 7 m 2 . 

Formulation. The level depends on the total amount of liquid in the tank; thus, 
the conservation equation selected is an overall material balance on the system. 

P A^=pF 0 -pF l (3.47) 

This single balance does not provide enough information, because there are 
two unknowns, F t and L. Thus, the number of degrees of freedom (1) indicates that 
another equation is required. An additional equation can be provided to determine 
F\ without adding new variables, through a momentum balance on the liquid in 
the exit pipe, In essence, another subproblem is defined to formulate this balance. 
The major assumptions for this subproblem are that 

1. The system is at quasi-steady state, since the dynamics of the pipe flow will 
be fast with respect to the dynamics of the level. 

2. The total pressure drop is due to the restriction. 

3. Conventional macroscopic flow equations, using relationships for friction fac¬ 
tors and restrictions, can relate the flow to the pressure driving force (Foust 
et al., 1980; Bird, Stewart, and Lightfoot, 1960). 

With these assumptions, which relate the flow out to the liquid level in the tank, the 
balance becomes 


F\ = fiFMP, + pL — P a )° 5 = k n L 0 - 5 (3.48) 

with P tt constant. The system with equations (3.47) and (3.48) and with two vari¬ 
ables, Fi and L, is exactly specified. After the equations are combined, the system 
can be described by a single first-order differential equation: 

A^- = F 0 -k n L 0 - 5 (3.49) 

at 

To more clearly evaluate the model for linearity, the values for all constants (flow, 
area, and kF\ = 37.8) can be substituted into equation (3.49), giving the following: 

(7)-j- = (100 + 10) - (37.8)L 05 



FIGURE 3.13 

Level in draining tank for Example 3.6. 
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The only nonlinear term in the equation is the square root of level, which can be 
linearized as shown in the following: 

L 0 .s w l o.5 + o.5l;°- s (L - L s ) (3.50) 

This expression can be used to replace the nonlinear term. The resulting equation, 
after subtracting the linearized balance at steady-state conditions and noting that 
the input is a constant step (i.e., Fq = A F 0 ), is 



AF 0 - (0 .5k n L;°- 5 )L' 


(3.51) 


Solution. The linearized differential equation can be rearranged and solved as 
before. 


dL' 1 , 1 A _ 

——|—L — — AFo 
dt x A 


with x = 


0.5 k n Lf* 


(3.52) 


F 



giving the solution 

U = + / e~ ,/x (3.53) 

A 

The initial condition is that L' = 0 at t = 0, with time measured from the input step; 
thus, I = -rAFo/A. Substitution gives 


L' = 1^(1 - e~ ,/x ) 

T 1 @.54) 

= AFoATp(l — e~ l/x ) with JT, = - = 


For this example, 

, F„ 100m J /h _„ 0 m 3 /h 

* fl = IF = ~7h^ ^ 

U = 0.14AF 0 (1 - e~ l/09& ) 


x = 0.98 h 


K p 


= 0.14 


m 

m 3 /h 


Results analysis. The solution of the linearized model indicates an exponential 
response to a step change. The results for the small and large step changes in flow 
in are plotted in Figure 3.14a and b, respectively. The solution to the approximate 
linearized model is quite accurate for the small step; however, it is inaccurate for a 
large step, even predicting an impossible negative level at the final steady state. 
The general trend that the linearized model should be more accurate for a small 
than for a large step conforms to the previous discussion of the Taylor series. Also, 
the large variation of the level, which for the larger input step is not maintained 
close to its initial condition as shown in Figure 3.14b, suggests that the linear 
solution might not be very accurate. 


EXAMPLE 3.7. Stirred-tank heat exchanger 

To provide another simple example of an energy balance, the stirred-tank heat 
exchanger in Figure 3.9 is considered. 

Goal. The dynamic response of the tank temperature to a step change in the 
coolant flow is to be determined. 

Information. The system is the liquid in the tank. 


Inlet now Level Inlet now Level 


Deviation 

variables 



0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 

Time (hr) 
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50 


n - ] -r 


_i_i_I— 


—I-L_ 


—50 


0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 

Time (hr) 

(b) 

FIGURE 3.14 


Dynamic responses for Example 3*6: (a) for a small input change 
(linearized and nonlinear essentially the same curve); (b) for a 

large input change. 


Assumptions. 

1. The tank is well insulated, so that negligible heat is transferred to the sur¬ 
roundings. 

2. The accumulation of energy in the tank walls and cooling coil is negligible 
compared with the accumulation in the liquid. 
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3. The tank is well mixed. 

4. Physical properties are constant. 

5. The system is initially at steady state. 

Data. F =0.085 m 3 /min; V=2.1 m 3 ; T s = 85.4°C; p = 10 6 g/m 3 ; C„ = 1 cal/(g°C); 
To = 150°C; T cin = 25°C; F„ = 0.50 m 3 /min; C pc - 1 cal/( g°C); p c = 10 6 g/m 3 ; 
a = 1.41 x 10 5 cal/min°C; b = 0.50. 

Formulation. Overall material and energy balances on the system are required 
to determine the flow and temperature from the tank. The overall material balance 
is the same as for the mixing tank, with the result that the level is approximately 
constant and F 0 = Fi = F. For this system, the kinetic and potential energy ac¬ 
cumulation terms are zero, and their input and output terms cancel if they are not 
zero. The energy balance is as follows: 

^-= [H 0 ] - {Hi} + Q - W s (3.55) 

at 

Also, it is assumed (and could be verified by calculations) that the shaft work is 
negligible, Now, the goal is to express the internal energy and enthalpy in measur¬ 
able variables. This can be done using the following thermodynamic relationships 
(Smith and Van Ness, 1987): 

dU/dt = pVC v dT/dt «s pVC p dT/dt (3.56) 

Hi = pC p Fj(T, — F ref ) (3.57) 

Note that the heat capacity at constant volume is approximated as the heat capac¬ 
ity at constant pressure, which is acceptable for this liquid system. Substituting 
the relationships in equations (3.56) and (3.57) into (3.55) gives 

pVC p ^ = pC p F[(T 0 - F rcf ) - (F| - F ref )] + Q (3.58) 

This is the basic energy balance on the tank, which is one equation with two 
variables, T and Q. To complete the model, the heat transferred must be related 
to the tank temperature and the external variables (coolant flow and temperature). 
Thus, a subproblem involving the energy balance on the liquid in the cooling coils 
is now defined and solved (Douglas, 1972). The assumptions are 

1. The coil liquid is at a quasi-steady state. 

2. The coolant physical properties are constant. 

3. The driving force for heat transfer can be approximated as the average be¬ 
tween the inlet and outlet. 

With these assumptions, the energy balance on the cooling coil is 

Fcou, = Fein - —p— (3.59) 

Pc^pc* 1 2 c 

The subscript c refers to the coolant fluid. Now, two constitutive relationships are 
employed to complete the model. The heat transferred can be expressed as 

Q = -UA(AT) lm * -UA j~ (r ~ r * n) + Z Z r ” l) j (3.60) 

The heat transfer coefficient would depend on both film coefficients and the wall 
resistance. For many designs the outer film resistance in the stirred tank and 
the wall resistance would be small compared with the inner film resistance; thus, 
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UA « h m A. The inner film coefficient can be related to the flow by an empirical 
relationship of the form (Foust et al., 1980) 


UA = aF b 


(3.61) 


Equations (3.59) to (3.61) can be combined to eliminate T cout and UA to give 
the following expression for the heat transferred: 


aF h+ 1 

Q = - & - T « n) (3.62) 

J? J_ c _ 


This solution to the subproblem expresses the heat transferred in terms of the 
specified, external variables ( F c and r rin ) and the tank temperature, which is the 
dependent variable to be determined. Equation (3.62) can be substituted into 
equation (3.58) to give the final model for the stirred-tank exchanger. 


VpCp 77 = c ^ F(r ° - r) - 


aF b+l 


F c + 


aF b 

C 


■(T - T cin ) 


2p c C 


pc 


(3.63) 


The degrees-of-freedom analysis results in one variable (J), one equation 
(3.63), four external variables (71. in , T 0 , and F are assumed constant, and F c can 
change with time), and seven parameters. Thus, the model is exactly specified. 

To evaluate the linearity of the model, all constants (for this example) are 
substituted into equation (3.63) to give the following: 


dT 1 41 x 10 5 F 0 * 5 

(2.1 x 10‘)- = (0.85 x 10 6 )(150 — T) - — (Q (T ■- 25) 

The model is nonlinear because of the F c terms and the product of F c times T. 
Therefore, the second term in equation (3.63) must be linearized using the Taylor 
series in two variables, which yields the following result: 


Q = Q S - UA*(T - T s ) + K Fc (F c - F cs ) 

( \ 

—aF b+i (T - 7 dn ) 


Qs = 




F c + 


aF b 


2p c Cpc / s 


ua: = 


aF b+l 


_ aF b 

F c + -- 


Kf c = 


V 2 p c C pc J 


( Fc + 2 mv) 


(3.64) 


(3.65) 


The linear approximation can be used to replace the nonlinear term, and again 
the equation can be expressed in deviation variables: 


dT' 

VCpp ~dT = FpC '’ (-r) " UA ' T ' + KpcF < 


(3.66) 


Solution. The resulting approximate model is a linear first-order ordinary differ¬ 
ential equation that can be solved by applying the integrating factor. 


dr 1 Kre , 

dt x VpCp c 


with r = 


\v Vpcj 


Linearization 


(3.67) 
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FIGURE 3.15 

Dynamic response for Example 3.7. 


For a step change in the coolant flow rate at / = 0 and T(0) = 0, the solution is 
given by 


T = g :; A / Ct d - e ~" z ) = AFcATpd - <T ,/T ) (3.68) 

The linearized coefficients can calculated to be K Fc = -5.97 x 10 6 ([cal/min]/ 
[m 3 /min]), K T = -9.09 x 10 4 ([cal/min]/°C). The steady-state gain and time constant 
can be determined to be 


K p = 


KFc* 

VpC p 


-33.9 


°C 

m 3 /min 


T = 


\v vpc p ) 


11.9 min 


Results analysis. The solution gives an exponential relationship between time 
and the variable of interest. The approximate linearized response is plotted in 
Figure 3.15 along with the solution to the nonlinear model. For the magnitude of the 
step change considered, the linearized approximation provides a good estimate 
of the true response. 

The analytical linearized approximation provides relationships between the 
transient response and process design and operation. For example, since UA* > O, 
equation (3.67) demonstrates that the time constant for the heat exchanger is 
always smaller than the time constant for the same stirred tank without a heat 
exchanger, for which x = V/F. 
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Simplified schematic of flow through valve. 


Linearization 


EXAMPLE 3.8. Flow manipulation 

As explained briefly in Chapter 1, process control requires a manipulated variable 
that can be adjusted independently by a person or automation system. Possible 
manipulated variables include motor speed and electrical power, but the manip¬ 
ulated variable in the majority of process control systems is valve opening, which 
influences the flow of gas, liquid, or slurry. Therefore, it is worthwhile briefly consid¬ 
ering a model for the effect of valve opening on flow. A simplified system is shown 
in Figure 3.16, which is described by the following macroscopic energy balance 
(Foust et al., 1980; Hutchinson, 1976). 

F = C v v (3.69) 

where C v = inherent valve characteristic 

v = valve stem position, related to percent open 
F = volumetric flow rate 

The valve stem position is changed by a person, as with a faucet, or by an auto¬ 
mated system. The inherent valve characteristic depends in general on the stem 
position; also, the pressures in the pipe would depend on the flow and, thus, the 
stem position. For the present, the characteristic and pressures will be considered 
to be approximately constant. In that case, the flow is a linear function of the valve 
stem position: 

F' = C v ^ P °- Pi v' = K v v' with K u = c fEE (3.70) 

Thus, linear or linearized models involving flow can be expressed as a function of 
valve position using equation (3.70). This is the expression used for many of the 
models in the next few chapters. More detail on the industrial flow systems will be 
presented in Chapters 7 (automated valve design) and 16 (variable characteristics 
and pressures). 


The procedure for linearization in this section has applied classical methods to 
be performed by the engineer. Software systems can perform algebra and calculus; 
therefore, linearization can be performed via special software. One well-known 
software system for analytical calculations is Maple™. We will continue to use 
the “hand” method because of the simplicity of the models. Whether the models 
are linearized by hand or using software, the engineer should always thoroughly 
understand the effects of design and operating variables on the gains, time constant, 
and dead time. 
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The examples in this section have demonstrated the ease with which lineariza¬ 
tion can be applied to dynamic process models. As shown in equation (3.37), the 
second-order term in the Taylor series gives insight into the accuracy of the linear 
approximation. However, there is no simple manner for evaluating whether a linear 
approximation is appropriate, since the sensitivity of the modelling results depends 
on the formulation, input variables, parameters, and, perhaps most importantly, the 
goals of the modelling task. An analytical method for estimating the effects of the 
second-order terms in the Taylor series on the results of the dynamic model is 
available (Douglas, 1972); however, it requires more effort than the numerical so¬ 
lution of the original nonlinear equations. Therefore, the analytical method using 
higher-order terms in the Taylor series is not often used, although it might find 
application for a model solved frequently. 

One quick check on the accuracy of the linearized model is to compare the 
final values, as time goes to infinity, of the nonlinear and linearized models. If 
they differ by too much, with this value specific to the problem, then the linearized 
model would be deemed to be of insufficient accuracy. If the final values are close 
enough, the dynamic responses could still differ and would have to be evaluated. 
Also, values of the time constants and gain at the initial and final conditions can be 
determined; if they are significantly different, the linearized model is not likely to 
provide adequate accuracy. The reader will be assisted in making these decisions by 
numerous examples in this book that evaluate linearized control methods applied 
to nonlinear processes. 


The predictions from a linearized dynamic model are sufficiently accurate for most 
control system design calculations if the values of steady-state gain and time con¬ 
stants) are Similar throughout the transient, i.e., from the initial to final conditions. 


The more complete approach for checking accuracy is to compare results from 
the linearized and full nonlinear models, with the nonlinear model solved using 
numerical methods, as discussed in the next section. Fundamental models can 
require considerable engineering effort to develop and solve for complex processes, 
so this approach is usually reserved for processes that are poorly understood or 
known to be highly nonlinear. In practice, engineers often learn by experience 
which processes in their plants can be analyzed using linearized models. 

Again, this experience indicates that in the majority of cases, linear models 
are adequate for process control. An additional advantage of approximate linear 
models is the insight they provide into how process parameters and operating 
conditions affect the transient response. 

3.5 a NUMERICAL SOLUTIONS OF ORDINARY 
DIFFERENTIAL EQUATIONS 

There are situations in which accurate solutions of the nonlinear equations are re¬ 
quired. Since most systems of nonlinear algebraic and differential equations can¬ 
not be solved analytically, approximate solutions are determined using numerical 
methods. Many numerical solution methods are available, and a thorough coverage 
of the topic would require a complete book (for example, Carnahan et al., 1969, 




and Maron and Lopez, 1991). However, a few of the simplest numerical methods 
for solving ordinary differential equations will be introduced here, and they will 
be adequate, if not the most efficient, for most of the problems in this book. 

Numerical methods do not find analytical solutions like the expressions in the 
previous sections; they provide a set of points that are “close” to the true solution 
of the differential equation. The general concept for numerical solutions is to use 
an initial value (or values) of a variable and an approximation of the derivative over 
a single step to determine the variable after the step. For example, the solution to 
the differential equation 

“j“ = /(y. 0 with y |,=,,= yt (3.71) 


can be approximated from t = /,• to t = /,•+j, with A t = r,+i 
Taylor series approximation to give 


yi +1 


yi + 


‘f ijT 
.dt\, 


0i +1 - U) 


yoi » yi + f(yi, t)At 


ti, by a linear 
(3.72) 


The procedure in equation (3.72) is the Euler numerical integration method (Car¬ 
nahan et al., 1969). This procedure can be repeated for any number of time steps 
to yield the approximate solution over a time interval. 

Numerical methods can include higher-order terms in the Taylor series to 
improve the accuracy. The obvious method would be to determine higher-order 
terms in the Taylor series in equation (3.72); however, this would require algebraic 
manipulations that are generally avoided, although they could be practical with 
computer algebra. A manner has been developed to achieve the equivalent accuracy 
by evaluating the first derivative term at several points within the step. The result is 
presented here without derivation; the derivation is available in most textbooks on 
numerical analysis (Maron and Lopez, 1991). There are many forms of the solution, 
all of which are referred to as Runge-Kutta methods. The following equations are 
one common form of the Runge-Kutta fourth-order method: 

At 

y/+i =yi + —(m i + 2m 2 + 2m 3 + m 4 ) (3.73) 

o 


with mi = f(yt,t t ) 

,/ At At\ 

m-f (yt + Y m i , h + y) 

/ A/ AA 

m = / [y> + Y m2 ' ti + Y) 

«4 = /O'/ + Atmy, ti + At) 

All numerical methods introduce an error at each step, due to the loss of 
the higher-order terms in the Taylor series, and these errors accumulate as the 
integration proceeds. Since the accumulated error depends on how well the function 
is approximated, the Euler and Runge-Kutta methods have different accumulated 
errors. The Euler accumulated error is proportional to the step size; the Runge- 
Kutta error in equation (3.73) depends on the step size to the fourth power. Thus, 
the Euler method requires a smaller step size for the same accuracy as Runge- 
Kutta; this is partially offset by fewer calculations per step required for the Euler 
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method. Since the errors from both methods increase with increasing step size, a 
very small step size might be selected for good accuracy, but a very small step size 
has two disadvantages. First, it requires a large number of steps and, therefore, 
long computing times to complete the entire simulation. Second, the use of too 
small a step size results in a very small change in y, perhaps so small as to be lost 
due to round-off. Therefore, an intermediate range of step sizes exists, in which 
the approximate numerical solution typically provides the best accuracy. 

The engineer must choose the step size A t to be the proper size to provide 
adequate accuracy. The proper step size is relative to the dynamics of the solution; 
thus, a key parameter is Af/r, with r being the smallest time constant appearing 
in a linear(ized) model. As a very rough initial estimate, this parameter could be 
taken to be approximately 0.01. Then, solutions can be determined at different step 
sizes; the region in which the solution does not change significantly, as compared 
with the accuracy needed to achieve the modelling goal, indicates the proper range 
of step size. There are numerical methods that monitor the error during the problem 
solution and adjust the step size during the solution to achieve a specified accuracy 
(Maron and Lopez, 1991). 

Some higher-order systems have time constants that differ greatly (e.g., z\ = 1 
and t 2 = 5000); these systems are referred to as stiff. When explicit numerical 
methods such as Euler and Runge-Kutta are used for these systems, the step size 
must be small relative to the smallest time constant for good accuracy (and sta¬ 
bility), but the total interval must be sufficient for the longest time constant to 
respond. Thus, the total number of time steps can be extremely large, and com¬ 
puter resources can be exorbitant. One solution method is to approximate part of 
the system as a quasi-steady state; this was done in several of the previous exam¬ 
ples in this chapter, such as Example 3.7, where the coolant energy balance was 
modelled as a steady-state process. When this is not possible, the explicit numeri¬ 
cal methods described above are not appropriate, and implicit numerical methods, 
which involve iterative calculations at each step, are recommended (Maron and 
Lopez, 1991). 

Either the Euler or the Runge-Kutta method should be sufficient for the prob¬ 
lems encountered in this book, but not for all realistic process control simulations. 
Recommendations on algorithm selection are available in the references already 
noted, and various techniques have been evaluated (Enwright and Hull, 1976). The 
numerical methods are demonstrated by application to examples. 

EXAMPLE 3.9. Isothermal CSTR 

In Example 3.5 a model of an isothermal CSTR with a second-order chemical 
reaction was derived and an approximate linear model was solved. The nonlinear 
model cannot be solved analytically; therefore, a numerical solution is presented. 
The Euler method can be used, which involves the solution of the following equation 
at each step, i: 

Cah-i = Cm + At (Cao/ — Cm) + (3.74) 

An appropriate step size was found by trial and error to be 0.05. (Note that 
At/r = 0.014.) The numerical solution is shown in Figure 3.12 as the result from 
the nonlinear model. 


In summary, numerical methods provide the capability of solving complex, 85 

nonlinear ordinary differential equations. Thus, the engineer can formulate a model WKMM 

to satisfy the modelling goals without undue concern for determining an analyt- The Nonisothermai 

ical solution. This power in developing specific solutions is achieved at a loss in Chemical Reactor 

engineering insight, so that the linearized solutions are often derived to establish 
relationships. 


3.6 □ THE NONISOTHERMAL CHEMICAL REACTOR 


One of the most important processes for the engineer is the chemical reactor be¬ 
cause of its strong influence on product quality and profit. The dynamic behaviors 
of chemical reactors vary from quite straightforward to highly complex, and to 
evaluate the dynamic behavior, the engineer often must develop fundamental mod¬ 
els. A simple model of a nonisothermai chemical reactor is introduced here with 
a sample dynamic response, and further details on modelling a continuous-flow 
stirred-tank reactor (CSTR) are presented in Appendix C along with additional as¬ 
pects of its dynamic behavior. In this introduction, the reactor shown in Figure 3.17 
is modelled; it is a well-mixed, constant-volume CSTR with a single first-order 
reaction, exothermic heat of reaction, and a cooling coil. The system is the liq¬ 
uid in the reactor. Since the concentration changes, a component material balance 
is required, and since heat is transferred and the heat of reaction is significant, 
an energy balance is required. Thus, the following two equations must be solved 
simultaneously to determine the dynamic behavior of the system: 


Material balance on component A: 


dCK 

dt 


= F(Cao - C A ) - Vk 0 e~ E/RT C A 


Energy balance: 

dj_ 
dt 


dT 

VpCp — = FpC p (T 0 -T) + 


ClF c 


F c + aF^llp c C pc 


(T - T c ) 


(3.75) 


(3.76) 


+(-AHr X n)Vkoe- E ' RT C* 

The second term on the right-hand side of the energy balance represents the heat 
transferred via the cooling coil, with the heat transfer coefficient a function of the 
coolant flow rate as described in Example 3.7. 

The dynamic behavior of the concentration of the reactant and temperature to 
a step change in the cooling flow can be determined by solving equations (3.75) and 
(3.76). Since these equations are highly nonlinear, they are solved numerically here, 
using data documented in Section C.2 of Appendix C. The dynamic behaviors of 
the concentration and temperature to a step in coolant flow are shown in Figure 3.18. 
Note that for this case, the dynamic behavior is underdamped, yielding oscillations 
that damp out with time. (You may have experienced this type of behavior in an 
automobile with poor springs and shock absorbers when the suspension oscillates 
for a long time after striking a bump in the road.) Certainly, the large oscillations 
over a long time can lead to undesired product quality. 

Not all chemical reactors behave with this underdamped behavior; many are 
more straightforward with overdamped dynamics, while a few are much more 
challenging. However, the engineer cannot determine the dynamic behavior of 



FIGURE 3.17 

Continuous-flow stirred-tank 
chemical reactor with 
cooling coil. 
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Time (min) 


FIGURE 3.18 

Dynamic response of a CSTR to a step change in coolant flow of —1 m 3 /min at 
t = 1. 


a reactor based on the physical structure, such as a CSTR or packed bed, or on 
specific design parameters. Therefore, the engineer must apply modelling and 
analysis to predict the dynamic behavior. Hopefully, your interest will be piqued 
by this example, and you will refer to the detailed reactor modelling and analysis 
found in Appendix C. 

3.7 a CONCLUSIONS 

The procedure in Table 3.1 provides a road map for developing, solving, and 
interpreting mathematical models based on fundamental principles. In addition 
to predicting specific behavior, these models provide considerable insight into the 
relationship between the process equipment and operating conditions and dynamic 
behavior. A thorough analysis of results is recommended in all cases so that the 
sensitivity of the solution to assumptions and data can be evaluated. 

Perhaps the most important concept is 


Modelling is a goal-oriented task, so the proper model depends on its application. 


The models used in process control are developed to relate each input variable 
(cause) to the output variable (effect). The modelling approach enables us to reach 
this goal by (1) developing the fundamental model and (2) deriving the linearized 
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models for each input output dynamic response. The approach can be demonstrated 
by repeating the model for the isothermal CSTR with first-order kinetics derived 
in Example 3.2. 

V ^F = F(Cao " Ca) “ VkCA (3 - 77) 

In this discussion, we will consider the situation in which the feed flow rate can 
be regulated by a valve, while the feed concentration is determined by upstream 
equipment that causes unregulated variations in the concentration. Thus, 


Conclusions 


Ca = key output variable 
F = manipulated input variable 
Cao = disturbance input variable 

F 

Equation (3.77) can be linearized and expressed in deviation variables to give the Caq 
following approximate model: 


t-^+ c, a = K f F' + KcaoC ' a0 

with x = V/(F + Vk ) 

K f = (C A0 - C a ,)/(F s + Vk) 

K C AO = F/(F + Vk) 


(3.78) 



A model for each input can be derived by assuming that the other input is constant 
(zero deviation) to give the following two models, one for each input, in the standard 
form. 


Effect of the disturbance: 

dC 1 

t “7T + C a = k caoC' m (3.79) 

dt 

Effect of the manipulated variable: 

r ~7~ + C’a = K f F' (3.80) 

Note that separate models are needed to represent the dynamics between the two 
inputs and the output; thus, the single-component material balance yields two 
input/output models. If more input variables were considered, for example, tem¬ 
perature, additional input/output models would result. 

This modelling approach provides very important information about the dy¬ 
namic behavior of the process that can be determined from the values of the steady- 
state gains and the time constants. The definitions of the key parameters are sum¬ 
marized in the following: 


Parameter Symbol Definition _Units 


Steady-state gain K 
Time constant r 


Output/input 
Multiplies derivative 
in standard model form 


(Aoutput/Ainput)ss 

Time 
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The values of these parameters can be used to estimate the magnitude and 
speed of the effects of the input changes on the output variable. This modelling 
procedure enables the engineer to relate the dynamic behavior of a process to 
the equipment sizes, physical properties, rate processes, and operating conditions. 
For example, the steady-state effect of the flow disturbance (F) depends on its 
gain (Kp), which is affected by the equipment (V), chemistry (k), and operating 
conditions (F, C A o, and Ca*). Recall that we are compromising accuracy through 
linearization to achieve these insights. 


The engineer should interpret linearized models to determine the factors influencing 
dynamic behavior, i.e., influencing the gains and time constants. 


As we build understanding of process control in later chapters, this interpre¬ 
tation will prove invaluable in designing process with favorable dynamics and 
designing feedback process control calculations. 

The observant reader may have noticed the similarities among the behaviors 
of many of the examples in this chapter. These similarities will lead to important 
generalizations, presented in Chapter 5, about the dynamics of processes that can 
be represented by simple sets of differential equations: one ordinary differential 
equation (first-order system), two equations (second-order system), and so forth. 
However, before exploring these generalities, some useful mathematical methods 
are introduced in Chapter 4. These mathematical methods are selected to facilitate 
the analysis of process control systems using models like the ones developed in 
this chapter and will be used extensively in the remainder of the book. 
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In answering the questions in this chapter (and future chapters), careful attention 
should be paid to the modelling methods and results. The following summary of the 
modelling method is provided to assist in this analysis. 

• Define the system and determine the balances and constitutive relations used. 

• Analyze the degrees of freedom of the model. 

• Determine how the design and operating values influence key results like gains 
and time constants. 

• Determine the shape of the dynamic response. Is it monotonic, oscillatory, etc.? 

• If nonlinear, estimate the accuracy of the linearized result. 

• Analyze the sensitivity of the dynamic response to parameter values. 

• Discuss how you would validate the model. 


QUESTIONS 

3 . 1 . The chemical reactor in Example 3.2 is to be modelled, with the goal of 
determining the concentration of the product Cb as a function of time for the 
same input change. Extend the analytical solution to answer this question. 

3 . 2 . The series of two tanks in Example 3.3 are to be modelled with V\ + V 2 = 
2.1 and Vi = 2V-i. Repeat the analysis and solution for this situation. 

3 . 3 . The step input is changed to an impulse for Example 3.3. An impulse is a 
“spike” with a (nearly) instantaneous duration and nonzero integral; phys¬ 
ically, an impulse would be achieved by rapidly dumping extra component 
A into the first tank. Solve for the outlet concentration of the second tank 
after an impulse of M moles of A is put into the first tank. 

3 . 4 . A batch reactor with the parameters in Example 3.2 is initially empty and 
is filled at the inlet flow rate, with the outlet flow being zero. Determine 
the concentration of A in the tank during the filling process. After the tank 
is full, the outlet flow is set equal to the inlet flow; that is, the reactor is 
operated like a continuous-flow CSTR. Determine the concentration of A 
to the steady state. 

3.5. The system in Example 3.1 has an input concentration that varies as a sine 
with amplitude A and frequency a>. Determine the outlet concentration for 
this input. 

3 . 6 . The level-flow system is Figure Q3.6 is to be analyzed. The flow Fo is 
constant. The flow F 3 depends on the valve opening but not on the levels, 
whereas flows F\ and Fi depend on the varying pressures (i.e., levels). 
The system is initially at steady state, and a step increase in F 3 is made by 
adjusting the valve. Determine the dynamic response of the levels and flows 
using an approximate linear model. Without specific numerical values, 
sketch the approximate dynamic behavior of the variables. 

3 . 7 . The behavior of the single CSTR with the kinetics shown below is consid¬ 
ered in this question. The goal is to control the concentration of product D 
in the effluent. Your supervisor proposes the feed concentration of reactant 
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Linearization 


A as the manipulated variable for a feedback controller. Is this a good idea? 



In answering this question, you may use the following information: (1) 
the tank is well mixed and has a constant volume and temperature; (2) 
all components have the same molecular weights and densities; (3) all 
reactions are elementary; thus, in this case they are all first-order; (4) the 
volumetric feed flow is constant ( F) and contains only component A (Cao). 

(a) Starting with fundamental balances, derive the model (differential 
equations) that must be solved to determine the behavior of the con¬ 
centration of component D. 

(b) Express the equations from part (a) in linear(ized) deviation variables 
and define the time constants and gains. 

(c) Does a causal relationship exist between Cao and Co? 

3 . 8 . The level-flow system in Figure Q3.8 is to be analyzed. The flow into the 
system, Fq, is independent of the system pressures. The feed is entirely 
liquid, and the first vessel is closed and has a nonsoluble gas in the space 
above the nonvolatile liquid. The flows F\ and Fi depend only on the 
pressure drops, because the restrictions in the pipes are fixed. Derive the 
linearized model for this system in response to a step change in Fo, solve 
the equations, and, without specific numerical values, sketch the dynamic 
responses. 



3 . 9 . The room heating Example 3.4 is reconsidered; for the following situations, 
each representing a single change from the base case, reformulate the model 
as needed and determine the dynamic behavior of the temperature and 
heating status. 
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( а ) Due to leaks, a constant flow into and out of the room exists. Assume 
that the volume of air in the room is changed every hour with entering 
air at the outside temperature. 

(б) A mass of material (e.g., furniture) is present in the room. Assume 
that this mass is always in equilibrium with the air; that is, the heat 
exchange is at quasi-steady state. The mass is equivalent to 200 kg of 
wood. 

(c) The ambient temperature decreases to — 10°C. 

(d) The duty of the furnace is reduced to 0.50 x 10 6 when on. 

(e) The heat transferred to the room does not change instantaneously when 
the furnace status changes. The relationship between the heat generated 
in the furnace ( Q /), which changes immediately when the switch is 
activated, and the heat to the room (Qh) is 

TQ ^JL = Q f -Q h with t Q = 0.10 h 

3.10. Determine the dynamic responses for a+10 percent change in inlet flow rate 
in place of the original input change for one or more of Examples 3.2,3.5, 
and 3.7. Determine whether the model must be linearized in each case. For 
cases that require linearization, estimate the errors introduced and compare 
a numerical solution with the approximate, linear dynamic response. 

3.11. A stirred-tank heater could have an external jacket with saturated steam 
condensing in the jacket to heat the tank. Assume that this modification 
has been made to the system in Example 3.7 and derive an analytical ex¬ 
pression for the response of the tank temperature to a step change in the 
steam pressure. Begin by sketching the system and listing assumptions. 

3.12. The tank draining problem in Example 3.6 has been modified to remove 
the restriction (partially opened valve) in the outlet line. Now, the line is 
simply a pipe. Reformulate and solve the problem for the two following 
cases, each with a pipe long enough that end conditions are negligible. 

(a) The flow in the outlet pipe is laminar. 

(b) The flow in the outlet pipe is turbulent. 

3.13. Answer the following questions. 

( a ) Explain what is meant by a stiff system of differential equations. Under 
what conditions (changing values of parameters) would the equations 
in Example 3.3 be stiff? If they were stiff, suggest several ways to 
solve them numerically. Would this stiffness affect the accuracy of the 
analytical solutions of the linearized model? 

( b) The analysis of degrees of freedom suggests that terms that are constant 
in the current examples be separated into two categories: parameters 
and external variables. Why would this be useful for future analysis of 
feedback control systems? Suggest two subcategories for the external 
variables and why they might be useful for feedback control analysis. 

(c) The degrees-of-ffeedom analysis should define the proper number of 
equations for a model. Suppose that the following model were pro¬ 
posed for Example 3.6. 

A^ = F 0 -F l (5) (2) = 10 



When Fq is constant, this model has two equations and two unknown 
variables, L and F\. Explain why this model does not satisfy the 
degrees-of-freedom analysis and provide a mathematical test that can 
be applied to potential equation sets. 

(d) Is it possible for a model to be linear for one external input perturbation 
and nonlinear for another? Explain and give examples. 

(e) Give the equations to be solved at every time step for an Euler integra¬ 
tion of the nonisothermal chemical reactor model in equations (3.75) 
and (3.76). 

3.14. The chemical reactor in Example 3.3 is considered in this question. The only 
change to the problem is the input function; here, the inlet concentration is 
returned to its initial value in a step 5 minutes after the initial step increase. 

(a) Determine the dynamic response of the concentration of both tanks. 

(b) Compare your answer to the shape of the plot in Figure 3.5 b and explain 
similarities and differences. 

(c) Based on your results in ( a ) and (£>), discuss how you would design 
an emergency system to prevent the concentration of A in the second 
tank from exceeding a specified maximum value. Discuss the variables 
F and Cao as potential manipulated variables, and select the value to 
which the manipulated variable should be set when the action limit 
is reached. Also, discuss how you would determine the value of the 
action limit. 

3.15. The dynamic response of the CSTR shown in Figure 3.1 is to be determined 
as follows. 

Assumptions: (i) well mixed, (ii) isothermal, (iii) constant density, and (iv) 
constant volume. 

Data: V = 2 m 3 ; F = 1 m 3 /h; Cao(O) = 0.5 mole/m 3 . 

Reaction: A -*■ Products 

with r A = -k|C A /(l -H/sCa) mole/(m 3 h) 

fei = 1.0 h" 1 
&2 = 10 m 3 /mole 

(a) Formulate the model for the dynamic response of the concentration of 
A. 

( b ) Linearize the equation in (a). 

(c) Analytically solve the linearized equation for a step change in the inlet 
concentration of A, Cao- 

(d) Give the equation(s) for the numerical solution of the “exact” nonlin¬ 
ear equation derived in (a). You may use any of the common numerical 
methods for solving ordinary differential equations. 

( e ) Calculate the transients for the (analytical) linearized and (numerical) 
nonlinear models. Graph the results for both the nonlinear and lin¬ 
earized predictions for two cases, both of which start from the initial 
conditions given above and have the magnitudes (1) ACao = 0.5 and 
(2) ACao = 4.0. Provide an annotated listing of your program or 
spreadsheet. 

( f ) Discuss the accuracy of the linearized solutions compared with solu¬ 
tions to the “exact” nonlinear equations for these two cases. 



94 


CHAPTER 3 
Mathematical 
Modelling Principles 


3.16. Discuss whether linearized dynamic models would provide accurate rep¬ 
resentations of the dynamic results for 

(a) Example 3.2 with ACao = —0.925 moles/m 3 

(b) Example 3.7 for AF c = —9.25 m 3 /min 

3.17. A stirred-tank mixer has two input streams: Fa which is pure component 
A, and Fb, which has no A. The system is initially at steady state, and 
the flow Fa is constant. The flow of B changes according to the following 
description: From time 0 -> t\, F^(t) = at (a ramp from the initial condi¬ 
tion); and from time t\ —► oo, F$(t) = at\ (constant at the value reached 
at fi). The following assumptions may be used: 

(1) The densities of the two streams are constant and equal, and there 
is no density change on mixing. 

(2) The volume of the liquid in the tank is constant. 

(3) The tank is well mixed. 

(i a ) Sketch the process, define the system, and derive the basic balance for 
the weight fraction of A in the exit stream, X A - 

(b) Derive the linearized balance in deviation variables. 

(c) Solve the equation for the forcing function, F^(t), defined above. (Hint: 
You may want to develop two solutions, first from 0 -»• t\ and then 
t\ -*■ oo.) 

(. d) Sketch the dynamic behavior of Fg(r) and X' A (t). 


f, 



3.18. In the tank system in Figure 3.13, the outflow drains through the outlet 
pipe with a restriction as in Example 3.6, and in this question, a first-order 
chemical reaction occurs in the tank. Given the following data, plot the 
operating window, i.e., the range of possible steady-state operating condi¬ 
tions, with coordinates of level and concentration of A. Discuss the effect 
of changing reactor temperature on the operating window, if any. 

Design parameters: Cross-sectional area = 0.30 m 2 , maximum 
level = 4.0 m. The chemical reaction is first-order with ko = 2.28 x 10 7 
(h -1 ) and E/R = 5000 K. The base-case conditions can be used to 
back-calculate required parameters. The base case data are T = 330 K, 
L — 3.33 m, F = 10 m 3 /h, and Ca = 0.313 mole/m 3 . The external vari¬ 
ables can be adjusted over the following ranges: 0.20 < Cao < 0.70 and 
3.0 < F < 12.5. 

3.19. A system of well-mixed tanks and blending is shown in Figure Q3.19. The 
delays in the pipes are negligible, the flow rates are constant, and the streams 
have the same density. Step changes are introduced in C A i at t[ and Ca 2 at 
h, with t 2 > t\. Determine the transient responses of Ca 3 , Ca 4 , and C A s- 

3.20. Determining the sensitivity of modelling results to parameters is a key 
aspect of results analysis. For the result from Example 3.2, 


Ca = CAinit + &CaoK p (\ — e ^ x ) 

(a) Determine analytical expressions for the sensitivity of the output vari¬ 
able C A to small (differential) changes in the parameters, K p , r, fore- 



95 


ing function magnitude ACao. and initial steady state, CAinit. These 
sensitivity expressions should be functions of time. 

( b ) For each result in ( a ), plot the sensitivities over their trajectories and 
discuss whether the answer makes sense physically. 

3.21. Another experiment was performed to validate the fact that the vessel in 
Example 3.1 was well mixed. In this experiment, the vessel was well insu¬ 
lated and brought to steady state. Then a step change was introduced to the 
inlet temperature. The following data represents the operating conditions, 
and the dynamic data is given in Table Q3.21. 

Data: V = 2.7 m 3 , F = 0.71 m 3 /min, r oin ii = 103.5°C, T 0 = 68°C. 

(a) Formulate the energy balance for this system, and solve for the ex¬ 
pected dynamic response of the tank temperature. 

(b) Compare your prediction with the data. 

(c) Given the two experimental results in Figure 3.4 and this question for 
the same equipment, discuss your conclusions on the assumption that 
the system is well mixed. 

( d ) Is there additional information that would help you in (c)? 

3.22. The dynamic response of the reactant concentration in the reactor, Ca, to a 
change in the inlet concentration, Cao. for an isothermal, constant-volume, 
constant-density CSTR with a single chemical reaction is to be evaluated. 
The reaction rate is modelled by 

— ^ i Ca 

rA_ l+k 2 C A 

Determine how the approximate time constant of the linearized model of 
the process relating Ca to C A o changes ask\ and k 2 range from 0 to infinity. 
Explain how your answer makes sense. 


TABLE Q3.22 

Time Temperature 


0 

103.5 

.4 

102 

1.2 

96 

1.9 

91 

2.7 

87 

3.4 

84 

4.2 

81 

5.0 

79 

6.5 

76 

8.5 

73 


Linearization 


Modelling and 
Analysis for 


Process Control 



4.1 [l INTRODUCTION 

In the previous chapter, solutions to fundamental dynamic models were developed 
using analytical and numerical methods. The analytical integrating factor method 
was limited to sets of first-order linear differential equations that could be solved 
sequentially. In this chapter, an additional analytical method is introduced that 
expands the types of models that can be analyzed. The methods introduced in this 
chapter are tailored to the analysis of process control systems and provide the 
following capabilities: 

1. The analytical solution of simultaneous linear differential equations with con¬ 
stant coefficients can be obtained using the Laplace transform method. 

2. A control system can involve several processes and control calculations, which 
must be considered simultaneously. The overall behavior of a complex system 
can be modelled, considering only input and output variables, by the use of 
transfer functions and block diagrams. 

3. The behavior of systems to sine inputs is important in understanding how the 
input frequency influences dynamic process performance. This behavior is 
most easily determined using frequency response methods. 

4. A very important aspect of a system’s behavior is whether it achieves a steady- 
state value after a step input. If it does, the system is deemed to be stable; if 
it does not, it is deemed unstable. Important control system analysis is based 
on this behavior, and the methods in this chapter are applied to determine the 
stability of feedback control systems in Chapter 10. 
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All of the methods in this chapter are limited to linear or linearized systems of 
ordinary differential equations. The source of the process models can be the fun¬ 
damental modelling presented in Chapter 3 or the empirical modelling presented 
in Chapter 6. 

The methods in this chapter provide alternative ways to achieve results that 
could, at least theoretically, be obtained for many systems using methods in Chap¬ 
ter 3. Therefore, the reader encountering this material for the first time might feel 
that the methods are redundant and unnecessarily complex. However, the meth¬ 
ods in this chapter have been found to provide the best and simplest means for 
analyzing important characteristics of process control systems. The methods will 
be introduced in this chapter and applied to several important examples, but their 
power will become more apparent as they are used in later chapters. The reader is 
encouraged to master the basics here to ease the understanding of future chapters. 

4.2 a THE LAPLACE TRANSFORM 

The Laplace transform provides the engineer with a powerful method for analyzing 
process control systems. It is introduced and applied for the analytical solution of 
differential equations in this section; in later sections (and chapters), other appli¬ 
cations are introduced for characterizing important behavior of dynamic systems 
without solving the differential equations for the entire dynamic response. 


The Laplace transform is defined as follows: 

£{f(t)) = As) = j”me- s ' dt (4.1) 


Before examples are presented, a few important properties and conventions are 
stated. 

1. Only the behavior of the time-domain function for times equal to or greater 
than zero is considered. The value of the time-domain function is taken to be 
zero for t < 0. 

2. A Laplace transform does not exist for all functions. Sufficient conditions for 
the Laplace transform to exist are (i) the function f(t) is piecewise continuous 
and (ii) the integral in equation (4.1) has a finite value; that is, the function /(?) 
does not increase with time faster than e~ st decreases with time. Functions typ¬ 
ically encountered in the study of process control are Laplace-transformable 
and are not checked. Further discussion of the existence of Laplace transforms 
is available (Boyce and Diprima, 1986). 

3. The Laplace transform converts a function in the time domain to a function 
in the “s -domain,” in which s can take complex values. Recall that a complex 
number x can be expressed in Cartesian form as A + Bj or in polar form as 
Re^ 7 with 

A = Re(x) B = ImOc) R = y/~A 2 + ~B 2 0 = tan ~ l (j) (4.2) 
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4. In this book, the Laplace transform of a function T ( t ) will be designated by 

the argument s, as in T ( 5 ). The function and its transform will be designated 
by the same symbol, which can be either a capital or a lowercase letter, and The Laplace 

no overbar will be used for the transformed function. The function in the Transform 

time domain will be designated as the variable (as T) or with the time shown 

explicitly [as T (r)], if needed for clarification. 

5. The Laplace transform is a linear operator, because it satisfies the requirements 
specified in equation (3.36): 

C[aF\ (0 + bF 2 (t )] = a£[F, (r)] + b£[F 2 (t)] (4.3) 

6. Tables of Laplace transforms are available, so the engineer does not have to 
apply equation (4.1) for many commonly occurring functions. Also, these 
tables provide the inverse Laplace transform, 

C~ l [f(s)) = f(t) for / > 0 (4.4) 

Since the Laplace transform is defined only for single-valued functions, the 
transform and its inverse are unique. 

Before we proceed to the application of Laplace transforms to differential 
equations, equation (4.1) is applied to a few functions that will be used in later 
examples. A more extensive list of Laplace transforms is given in Table 4.1. 

Constant 

For f{t) = C, 




00 

0 


c 

s 


(4.5) 


Step of Magnitude C at t =s 0 

[o aU=0 + 

For m = CU(t) with IW-jj for , >()+ 


ac(um = cc[u(t)] = c 




c 

S 


(4.6) 


Since the variable is assumed to have a zero value for time less than zero, the 
Laplace transforms for the constant and step are identical. 


Exponential 

For/(/) = <?-*', 


£(e‘") 


=f 


e at e~ st dt = 


-(5-0 )/1 00 


a — s 


s — a 


(4.7) 
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TABLE 4.1 

Laplace transforms 
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No. 

1 

2 

3 

4 

5 

6 

7 

8 
9 

10 

11 

12 

13 

14 

15 


16 


17 


18 


fit)_ 

<5, unit impulse 

U(t), unit step or constant 

f n-l 


(n - 1)! 



r 


1 + 


(fl ~ r) c ->/r 


1 t n -'e~ ,/T 
r" (n - 1)! 



e~ ,/T 



T{ a c“ ,/Tl 

t 2 - a 

Ti(t| - r 2 ) 

r 2 (r, - r 2 ) 

1 

1 

+ 

r2 "V" 

T 2 - X\ 

r 2 - r, 


sin (cut) 
cos {cot) 


e “'cos (cot) 


e m sin {cot) 



ns) 

i 

\/s 

1/s" 


1 

rs + 1 
as + 1 
s(ts + 1 ) 

1 

(rs + 1)" 
as + 1 
(rs + l) 2 
as + 1 
s(ts + l ) 2 
as + 1 

(Tis + l)(r 2 s + 1) 

as + 1 

s(T|S + l)(r 2 s + 1) 

co/{s 2 + co 2 ) 
s/(s 2 + CO 2 ) 
s + a 

(s + a) 2 + co 2 
co 

(s + a) 2 + co 2 
as + 1 

r 2 s 2 + 2f rs 4- 1 


1 - ? / 

coTe~ ,/l sin (cot + <p) 

1 + co 2 t 2 + VI + (o 2 r 2 
<t> = tan -l (— cot) 


C = 


fr — t + * 
l -£ 2 


</> = tan 


-l 



co 

(rs + l)(s 2 4- <u 2 ) 

_1_ 

s(r 2 s 2 + 2§rs + 1) 


e~ as f(s) 


a, co, and r,- are real and distinct, 0 < § < 1, n = integer 
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Sine 


For fit) = sin (cot), 

POO l*CO / 

£(sin (cot)) = J sin (cot)e~ st dt — J ( 


=f( 


sin (cot)e 
00 / 


00 


2; 


) 


<T" dt 


V 


) 


A 


(4.8) 


1 I* e -(S-jco)t e ~(s+j(0)t "I 00 

2 j (s - j( 0 ) + (5 + jco) Jo ~ 


£0 


S 2 +CO 2 


Pulse 


For /(0 = C[t/(0) - U (r p )] = C/t p for / = 0 to t p , and = 0 for t > t p , as 
graphed in Figure 4.1, 


ftp r f oo 

£(/(*)) = / ~e~ s ' dt + / 0e~ s ' dt 

Jo tp Jtp 

C (1 - e~ s, p) 


(4.9) 


t p s 

An impulse function, which has zero width and total integral equal to C, is a 
special case of the pulse. Its Laplace transform can be determined by taking the 
limit of equation (4.9) as t p -*■ 0 (and applying L’Hospital’s rule) to give 


TOL-o = lim 


C (1 - «-"o 


. o t p s 
- Bn. z£tH^l = C 


(4.10) 


The Laplace 
Transform 



c 

<2 

8 0 
<2 


Time 

FIGURE 4.1 

Pulse function. 


Derivative of a Function 


To apply Laplace transforms to the solution of differential equations, the Laplace 
transform of derivatives must be evaluated. 



This equation can be integrated by parts to give 

£ (^P) = - f 0 °° /(')(-s)e - *' dt + f(t)e~ s ' 
= sf(s)-f(t) |, =0 


(4.11) 


(4.12) 


The method can be extended to a derivative of any order by applying the integration 
by parts several times to give 



-(* 


s n 1 /(0l,=o + i 


n—2 djif) 

dt 


t =0 


d n ~ l m 

dt n ~ 1 



(4.13) 
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Integral 


By similar application of integration by parts the Laplace transform of an integral 
of a function can be shown to be 




f 00 e~ st ( f \ e~ s, X° 1 

= / - f(!)dt+ / mdt) - 

Jo S l\Jo ) S J <=0 s 


(4.14) 

■f(s) 


L 1 



c 

V 

0 

C A 




Differential Equations 

One of the main applications for Laplace transforms is in the analytical solution 
of ordinary differential equations. The key aspect of Laplace transforms in this 
application is demonstrated in equation (4.13), which shows that the transform of 
a derivative is an algebraic term. Thus, a differential equation is transformed into an 
algebraic equation, which can be easily solved using rules of algebra. The challenge 
is to determine the inverse Laplace transform to achieve an analytical solution in 
the time domain. In some cases, determining the inverse transform can be complex 
or impossible; however, methods shown in this section provide a general approach 
for many systems of interest in process control. First, the solutions of a few simple 
models involving differential equations, some already formulated in Chapter 3, are 
presented. 

EXAMPLE 4.1. 

The continuous stirred-tank mixing model formulated in Example 3.1 is solved 
here. The fundamental model in deviation variables is 

v ^f = F ( C A0~ c *) (4.15) 

The Laplace transform is taken of each term in the model: 

V [sC» - C A (t)\ lm0 ] = F [C M (s) - C»] (4.16) 

The initial value of the tank concentration, expressed as a deviation variable, is 
zero, and the deviation of the inlet concentration is constant at the step value for 
t > 0; that is, C^fa) = AC A o/s. Substituting these values and rearranging equation 
(4,16) gives 

C A ($) = ^ A ° ——r with r = -^ = 24.7 min (417) 

s x s + 1 F 

The inverse transform of the expression in equation (4.17) can be determined from 
entry 5 of Table 4.1 to give the same expression as derived in Example 3.1. 

C A (0 = AC ao (1 - e~ ,/T ) (4.18) 


EXAMPLE 4.2. 

The model for the two chemical reactors in Example 3.3 is considered here, and 
the time-domain response to a step change is to be determined. The linear com¬ 
ponent material balances derived in Example 3.3 are repeated below in deviation 
variables. 

dC' 

v '-dT = F ^o-c' Al )-vkc' M 


(3.24) 
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dC 

V2-jf = F(C m -C'^-V kC’ A2 (3.25) 

The Laplace transforms of the component material balances in deviation variables, 
noting that the initial conditions are zero, are 

^c;,(5) = F (C’ M (s) - C' M {s)) - VkC' M (s) (4.19) 

s vc; 2 (s) = f (c;, (^) - c; 2 (^)) - vkc'^s) (4.20) 

These equations can be combined into one equation by eliminating C^Os) from 
the second equation. First, solve for C^,(j) in equation (4.19): 


The Laplace 
Transform 


CM = 


f— 

\F + Vk 

TS + 1 


c: 


AO 


(4.21) 


This expression can be substituted into equation (4.20) along with the input step 
disturbance, C A0 (s) = AC a0 /s, to give 


C' A2 (s) = 


KjiACm 
s(ts + l ) 2 


(4.22) 


V __ „ _„ mole 

With r = p — = 8.25 min AC a0 = 0.925 

Kr ~ {TTVkf =0M> C tt =0.4!4=* 

The inverse transform can be determined from entry 8 of Table 4.1 to give the 
resulting time-domain expression for the concentration in the second reactor. 

c^ = ac; A [i — (' + ;>"«] (4 23) 

C A2 (0 = 0.414 + 0.414(1 - <T ,/8 - 25 ) - 0.050fe- ,/8 ' 25 
This is the same result as obtained in Example 3.3. 


Time Translation or Dead Time 

The Laplace transform for a dead time of 6 units of time is 

poo poo 

C[f(t -d)}= / fit - 0)e- sl dt = / fit - Q)e- s(, - d) d(t - 6) 

Jo Jo (4 24) 

P 00 

= / f(,t')e~ sl dt' = e~ 6s f(s) 

Jo 

When changing variables from (t-0) to t\ the lower bound of the integral remained 
at 0 (did not change tot 1 —0), because the function isdefined/(r) = 0 for f < Ofor 
the Laplace transform. The expression in equation (4.31) is used often in process 
modelling to represent behavior in which the output variable does not respond 
immediately to a change in the input variable; this condition is often referred to as 
dead time. 
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u Length 

FIGURE 4.2 

Schematic of plug flow process. 




Time 


FIGURE 4.3 


Input and output for dead time (0) of one time unit. 


EXAMPLE 4.3. 

The dynamic behavior of turbulent fluid flow in a pipe approximates plug flow, with 
the fluid properties like concentration and temperature progressing down the pipe 
as a front. The dead time is 6 — L/v, i.e., the length divided by the fluid velocity. 
The inlet concentration to the pipe in Figure 4.2 is X, and the outlet concentration 
is Y. For ideal plug flow, 

y(f) = X(t - 9) (4.25) 

The Laplace transform of this model can be evaluated using the results in equation 
(4.24) to give 

K(s) = X(s)e~ es (4.26) 

The effect of a dead time for an arbitrary input concentration is shown in Figure 4.3. 


Final Value Theorem 

The final condition of the transient can be determined by applying the expression 
for the derivative of a function, equations (4.11) and (4.12), and taking the limit 
as s 0. 

lim [ f ~^7T' e ~ Sl dt 1 = lim [*/(«) ~ /(*)],=o (4-27) 

s->o L/o J Jr->0 

Changing the order of the limit and the integral gives 

r°° df(t ) 

/ ^TT dt = " /(')] 

Jo dt *-*■ o 

/(oo) - /(OI,= 0 = Km[5/(5) - /(f)] 

s->0 

/(oo) = lim sf(s) 


(4.28) 
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Equation (4.28) provides an easy manner for finding the final value of a variable; 
however, one should recognize that a simpler method would be to formulate and 
solve the steady-state model directly. The final value theorem finds use because the The Laplace 

dynamic models are required for process control, and the final value can be easily Transform 

determined from the Laplace transform without further modelling effort. Also, it 
is important to recall that the final value is exact only for a truly linear process and 
is approximate when based on a linearized model of a nonlinear process. 


EXAMPLE 4.4. 

Find the final value of the reactor concentration, expressed as a deviation from 
the initial value, for the CSTRs in Example 4.2. The Laplace transform for the 
concentration in response to a step in the inlet concentration is given in equation 
(4.22). The final value theorem can be applied to give 

- “5 ( s ^ <mHi) - = (?Tv *) 2 iC “ < 4 - 29 > 



Note that this is the final value, which gives no information about the trajectory to 
the final value. 


The engineer must recognize a limitation when applying the final value the¬ 
orem. The foregoing derivation is not valid for a Laplace transform f(s) that is 
not continuous for all values of s > 0 (Churchill, 1972). If the transform has a 
discontinuity for s > 0, the time function fit) does not reach a final steady-state 
value, as will be demonstrated in the discussion of partial fractions. Therefore, the 
final value theorem cannot be applied to unstable systems. 

EXAMPLE 4.5. 

Find the final value for the following system. 

y(y) = (AX) — — with r > 0 
sirs - 1) 

This transfer function has a discontinuity at s = l/z > 0; therefore, the final value 
theorem does not apply. The analytical expression for Yit) is 

Yit) = (AX)AT(l - e' /T ) (4.30) 

The value of Yit) approaches negative infinity as time increases; this is not equal 
to the incorrect result from applying the final value theorem to the transfer function 
-KiAX). 


Initial Value Theorem 

The initial value of a variable can be determined using the initial value theorem. 
The derivation begins in the same manner as the final value theorem, except that the 
limit is taken as s -*■ oo. Again, the order of the limit and integration is changed, 
resulting in the following equation: 

Initial value theorem /(r)|,_ 0 = lim sfis) 

S-+OC 


(4.31) 
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EXAMPLE 4.6. 

The model for the two series CSTR chemical reactors in Examples 3.3 and 4.2 is 
considered in this example with the alteration that the volumes of the two reactors 
are not the same volume, Vj = 1.4 and V 2 = 0.70 m 3 . Determine the time-domain 
response. 

The Laplace transforms of the two linear component material balance models 
in deviation variables are 

sV.C'^s) = F[C; 0 (*) - C' M (s)] - VtkC^is) (4.32) 


sV 2 C' A2 (s) = F[C' m (s) - C' A2 (s)] - V 2 kC' A2 (s) (4.33) 


These equations can be combined into one equation by solving for C' M ($) in equa¬ 
tion (4.32) and substituting this into equation (4.33). Also, the input step distur¬ 
bance can be substituted, C A0 (s) = AC a0 /s, to give 


C^(s) = 


KpC^js) 

(T|.y + 1 )(t 2 s 4- 1) 


_ ^pACaq _ 

s(ri$ + l)(r 2 s + 1) 


(4.34) 


with 


Vi V 2 

F + Vik 12 F+ V 2 k 


K p = 


- F —)(—~ 
F + V\k )\F + V 2 k 


) 


The inverse Laplace transform can be evaluated using entry 10 in Table 4.1 (with 
a = 0) to determine the time-domain behavior of the concentration in the second 
reactor. 


C^(0 = K p AC a0 {1 + e- 1 '*) (4.35) 

V T 2 — T| X 2 — T| J 

This response is a smooth j-shaped curve, but it has different values at every time 
from the original CSTR system. 


*0 

P a 


I 



EXAMPLE 4.7. 

Using Laplace transforms, determine the response of the level in the draining tank 
(Example 3.6) to two different changes to the inlet flow, (a) a step and (b) an 
impulse. 

Data. Cross-section area A = 7 m 2 , initial flows in and out, = 100 m 3 /min, initial 
level = 7 m, k n = 37.8 (m 3 /h)/(nr 0 - 5 ). The model for the draining tank level is 
based on an overall material balance of liquid in the tank depending on the flow 
in (F 0 ) and out (F ( ). 

dL 

pk-ifi — PFo - pF\ (4.36) 

The tank cross-sectional area is A. The flow out depends on the level in the tank 
through a nonlinear relationship, and after linearization, the level model is 

'§ +i '=vs < 4 - 37 > 


with t = A/(0.5k Fl L;°- s ) = 0.98 h 

K p = l/(0.5/k n L;°- 5 ) = 0.14 m/(m 3 /h) 

The Laplace transform of equation (4.37) can be taken to give 


L\s) = 


( 4 . 38 ) 
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(a) For a step change in the inlet flow rate, F^s) = AF 0 /(s)\ this expression can 
be substituted into equation (4.38), and the inverse Laplace transform can be 
evaluated using entry 5 in Table 4.1. The resulting expression for the draining 
level response to a step flow change is 


L\t) = K P AF 0 (\ - e~" x ) 


(4.39) 


As.already determined in Example 3.6, the level dynamic response begins 
at its initial condition and increases in a “first-order” manner to its final value, 
which it reaches after about four time constants. 

(b) An impulse is a change that has a finite integral but zero duration! Before 
evaluating the impulse response, we should understand how this could occur 
physically. For the level process, an impulse can be approximated by intro¬ 
ducing additional liquid very rapidly; one method for implementing an impulse 
in this system would be to empty a bucket of liquid into the tank very fast. The 
integral of the impulse is evaluated as 


J Fq(0 dt = M m 3 (4.40) 

The Laplace transform of the impulse, Fq(s) = M, can be introduced into 
equation (4.38) to give 


L'(s) 


KpM 
ts + 1 


The inverse Laplace transform can be evaluated using entry 4 in Table 4.1, 
which gives [substituting the definition of the gain K p = x /(A)] the following 
result: 


L'(t) = 


K P M e -t/r _ H£ e -‘/r 
T A 


(4.41) 


The dynamic response of the draining tank level to an impulse of M = 20 m 3 is 
shown in Figure 4.4. For the parameters in the example, the levels calculated 
using the nonlinear and linearized models are nearly identical. The level im¬ 
mediately increases in response to the addition of liquid. Since the inlet flow 
returns to its initial value after the impulse, the level slowly returns to its initial 
value. 


The Laplace 
Transform 


■t?. J mmMM 


Partial Fractions 

The Laplace transform method for solving differential equations could be limited 
by the entries in Table 4.1, and with so few entries, it would seem that most models 
could not be solved. However, many complex Laplace transforms can be expressed 
as a linear combination of a few simple transforms through the use of partial fraction 
expansion. Once the Laplace transform can be expressed as a sum of simpler 
elements, each can be inverted individually using the entries in Table 4.1, thus 
greatly increasing the number of equations that can be solved. More importantly, 
the application of partial fractions provides very useful generalizations about the 
forms of solutions to a wide range of differential equation models, and these 
generalizations enable us to establish important characteristics about a system’s 
time-domain behavior without determining the complete transient solution. The 
partial fractions method is summarized here and presented in detail in Appendix H. 
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Response of the draining tank level in Example 4.7 to an impulse in 
the flow in (Fo) at time t = 0.50 h. 


The reader may have noticed that nearly all Laplace transforms encountered to 
this point are ratios of polynomials in the Laplace variable s. The partial fractions 
method can be used to express a ratio of polynomials as a sum of simpler terms. 
For example, if the roots of the denominator are distinct, a ratio of higher-order 
numerator and denominator polynomials can be expressed as the sum of terms, all 
of which have constant numerators and first-order denominators, as given below. 

Y(s) = N(s)/D(s) = C]/(s - a,) + C 2 /(s - a 2 ) + • • • (4.42) 

with Y (s) = Laplace transform of the output variable 

N(s) = numerator polynomial in s of order m 
D(s ) = denominator polynomial in s of order n (n > m), termed the 
characteristic polynomial 
Ci = constants evaluated for each problem 
a,- = distinct roots of D(s) = 0 

The inverse Laplace transform of the original term Y (s), which might not appear 
in a table of Laplace transforms, is the sum of the inverses of the simpler terms 
Ct/(s — a,), which appear as entry 4 in Table 4.1. This method is extended to 
repeated and complex denominator roots in Appendix H, where it is applied to 
determining the inverse of a complicated Laplace transform. However, the major 
usefulness for partial fractions is in proving how several key aspects of a variable’s 
behavior can be determined directly from the Laplace transform without solving 
for the inverse. 

One key finding is summarized here, and another will be developed in Section 
4.5 on frequency response. For any differential equation which can be arranged 



into the form of equation (4.42), the inverse Laplace transform will be of the form 
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Y(t) = A ie a ‘ r + ... + (Bi+B 2 t + - ')e apt + • • • + 

(4.43) 

[Ci cos (cot) + Ci sin (iot)]e a «' H- 

This equation includes distinct (ai), repeated real (a p ), and complex roots (a q ), not 
all of which may appear in a specific solution, in which case some of the constants 
(A, B, or C) will be zero. Two important conclusions can be drawn: 

1. Stability. The real parts of the roots of the characteristic polynomial, D(s), 
determine the exponents (a’s) in the solution. These exponents determine 
whether the function approaches a constant value after a long time. For exam¬ 
ple, when all real parts of the roots, i.e., all Re(a,), are negative, all terms on 
the right of equation (4.43) approach a constant value after an initial transient; 
a system which tends toward a constant final value is termed stable. If any 
Re(o:/) is greater than zero, the function Y(t ) will increase (or decrease) in an 
unbounded manner as time increases; this is termed unstable. 

We must look carefully at the case of roots with a value of zero. If one 
distinct root has a value of zero, the system is stable, while if repeated roots 
have values of zero, the system is unstable. This result is summarized in the 
following. 


The Laplace 
Transform 


Number of 
zero roots 

Terms in solution 

Is the system stable? 

Only one 

Two (or more) 

A\e° = A| = constant 
(B\ + Bit)e Q = (Bj + B 2 t) 

Yes 

No, this term increases in 
magnitude without limit 


2. Damping. The nature of the roots of the characteristic polynomial determines 
whether the dynamic response will experience periodic behavior for nonperi¬ 
odic inputs; complex roots of D(s) lead to periodic (underdamped) behavior, 
and real roots lead to nonperiodic (overdamped) behavior. 

These two results enable the engineer to determine key features of the dynamic 
performance of systems without evaluating the complete dynamic transient via 
inverse Laplace transform. The simplification is enormous! 

Certainly, a process would be easier to operate when it is stable so that variables 
rapidly approach constant values and no variables tend to increase or decrease 
without limit (based on a linearized model). Also, while oscillations are not usually 
completely avoided, oscillations of large magnitude are generally undesirable. 
Thus, the nature of the roots of the characteristic polynomial and how process 
design and control algorithms affect these roots are important factors in designing 
good processes and controls. These issues will be investigated thoroughly in Part 
m on feedback control by evaluating the roots of the characteristic polynomial, and 
the partial fraction method provides the mathematical foundation for this important 
analysis. 
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EXAMPLE 4.8. 

Determine whether the concentration in the second reactor in Example 4.6 is stable 
and underdamped without solving for the concentration. 

The roots of the denominator of the Laplace transform can be evaluated to 
determine these key aspects of the dynamic behavior. The Laplace transform is 
repeated below. 


CM = 


Kp ACao 

s(tis + 1)(t 2 j + 1) 


(4.44) 


The roots of the denominator, which are the exponents, are -l/r ( , — l/r 2 , and 0.0. 
Since both nonzero time constants are positive, the roots are less than zero; also, 
only one zero root exists. Therefore, the concentration reaches a constant value 
and is stable. Also, since the roots are real, the concentration is overdamped. Natu¬ 
rally, these conclusions are consistent with the equation defining the time-varying 
concentration derived in Example 4.5; however, the conclusions were reached 
here with minimal effort and can be determined for more complex Laplace trans¬ 
forms that do not appear in Table 4.1. 


4.3 i INPUT-OUTPUT MODELS AND TRANSFER FUNCTIONS 

In some cases the values for all dependent process variables need to be determined 
to meet modelling goals, and the fundamental models used to this point in the 
book, which provide expressions for all variables, can be used in these cases. 
For example, the model for two series CSTRs in Example 3.3 yields expressions 
for the concentrations in both reactors. Some models are not unduly complex; 
however, detailed models can involve a large number of equations. For example, 
a distillation tower with 40 trays and 10 components would require over 400 
differential equations. 

A fundamental model solving for all dependent variables is often not required 
for process control, because the control system is principally involved with all 
input variables but only one or a few output variables. Thus, we need a method 
for “compressing” the model, which can be achieved by first grouping variables 
into three categories: input (causes), output (effects), and intermediate. For linear 
dynamic models used in process control, it is possible to eliminate intermediate 
variables analytically to yield an input-output model, so that intermediate variables 
are considered in the model even though they are not explicitly calculated. Thus, 
no further assumptions or simplifications are involved in input-output modelling 
of linear systems. 

Examples of this approach have already been encountered in this chapter. 
For example, the basic model for two series CSTRs in Example 4.6 included 
equations for the concentrations in both reactors, equations (4.32) and (4.33). 
After the Laplace transforms are taken and the equations are combined into one 
equation, the model in equation (4.34) involves only the input, C^ 0 (s)> and the 
output, C' A2 (s ). The intermediate variable, C^Cs), was eliminated, although all 
effects of the first reactor are represented in the model. 

A very common manner for presenting input-output models, which finds 
considerable application in process control, is the transfer function. The trans- 



fer function is a model based on Laplace transforms with special assumptions, 
as follows. 


Ill 


The transfer function of a system is defined as the Laplace transform of the output 
variable, Y(t), divided by the Laplace transform of the input variable, X (r), with all 
initial conditions equal to zero. 

y(y) 

Transfer function = G(s) = —— (4.45) 

X(s) 


Input-Output Models 
and Transfer 
Functions 


The assumptions of Y (0) = 0 and X (0) = 0 are easily achieved by expressing the 
variables in the transfer function as deviations from the initial conditions. Thus, all 
transfer functions involve variables that are expressed as deviations from an initial 
steady state. All derivatives are zero if the initial conditions are at steady state. 
(Systems having all zero initial conditions are sometimes referred to as “relaxed.”) 
These zero initial conditions are assumed for all systems represented by transfer 
functions used in this book; therefore, the prime symbol ” for deviation variables 
is redundant and is not used here when dealing with transfer functions. Transfer 
functions will be represented by G(s), with subscripts to denote the particular 
input-output relationship when more than one input-output relationship exists. 
Before proceeding with further discussion of transfer functions, a few examples 
are given. 


EXAMPLE 4.9. 

Derive the transfer functions for the systems in Examples 4.1 and 4.2. The Laplace 
transform of the model in Example 4.1 is in equation (4.16). This can be rearranged 
to give the transfer function for this system: 

Example 4.1: = ——r with r = -^ (4.46) 

CaoC*) ™ + l F 

The Laplace transform for the model in Example 4.2 can be rearranged to give 
the transfer function for this system: 


Example 4.2: 


C a 2 (s) = Kp 
C A0 (s) (rs + \f 


(4.47) 



The models from the previous examples could be used to form transfer functions, 
because they were in terms of deviation variables with zero initial conditions. 


Note that the transfer function relates one output to one input variable. If 
more than one input or output exists, an individual transfer function is defined for 
each input-output relationship. Since the transfer function is a linear operator (as 
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C A0 

uU—^ 


co 

v c A 


a result of the zero initial conditions), the effects of several inputs can be summed 
to determine the net effect on the output. 


EXAMPLE 4.10. 

Derive the transfer functions for the single CSTR with the first-order reaction in 
Example 3.2 for changes in the inlet concentration and the feed flow rate. 

The two linear models for each input change can be determined by assuming 
that all other inputs are constant. The basic model was derived in Example 3.2 and 
is repeated below. 

V^ = F(Cao - C A ) - VkC A (4.48) 

at 

To determine whether the model is linear or not, the constant values are substituted 
(noting that the flow and inlet concentrations are now variables) to give 

(2.1)^ = F(C ao - C A ) - (2.1)(0.040)C a 
dt 

The model is nonlinear because of the products of flow times concentrations. 
Two linearized models can be derived from equation (4.48), one for each input 
(assuming the other input constant), to give 

rc»^+c; = K„ c ;, W®'CA = ( 7 T^) *c» = (jrfyj) ( 4 . 49 ) 

r/-£+C A = K F F' = K r = (^f) (4.50) 

Taking the Laplace transforms and rearranging yields the two transfer functions, 
one for each input. 


C A (s) 

Cm(s) 

Ca(£) 

F(s) 


= G C a(s) = 


Kca 

*CA S + 1 


= G f (s) = 


Kf 

XfS T 1 


(4.51) 

(4.52) 


These models and transfer functions give the behavior of the system output for 
individual changes in each input. If both inputs change, the overall effect is ap¬ 
proximately the sum of the two individual effects. (If the process were truly linear, 
the total effect would be exactly the sum of the two individual effects.) Readers 
may want to return to Section 3.4 to refresh their memory on linearization. 




The transfer function clearly shows some important properties of the system 
briefly discussed below. 


Order 

The order of the system is the highest derivative of the output variable in the 
defining differential equation, when expressed as a combination of all individ¬ 
ual equations. For transfer functions of physical systems, the order can be easily 
determined to be the highest power of s in the denominator. 


Pole 
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A pole is defined as a root of the denominator of the transfer function; thus, it is 
the same as a root of the characteristic polynomial. Important information on the 
dynamic behavior of the system can be obtained by analyzing the poles, such as 

1. The stability of the system 

2. The potential for periodic transients, as shown clearly in equation (4.43) 

The analysis of poles is an important topic in Part in on feedback systems, since 
feedback control affects the poles. 


Zero 


A zero is a root of the numerator of the transfer function. Zeros do not influence 
the exponents (Re(a)), but they influence the constants in equation (4.43). This 
can most easily be seen by considering a system with n distinct poles subject to an 
impulse input of unity. The expression for the output, since the Laplace transform 
of the unity input impulse is 1, is 


N(s) M(s) 

Y(s) = G(s)X(s) = G(s) = -^ = for i = 1, n (4.53) 

D(s ) s— a-, 

For a system with no zeros, the numerator would be equal to a constant, N(s) = K, 
and the constant associated with each root is 


With no zeros 



(4.54) 


Dj (s) is the denominator, with (s — a,-) factored out. For a system with one or more 
zeros, the constant associated with each root is 


With zeros 


*-( J 


(4.55) 


r N &\ 

Di(s)J s= _ ai 

Thus, the numerator changes the weight placed on the various exponential terms. 
This demonstrates that the numerator of the transfer function cannot affect the 
stability of the system modelled by the transfer function, but it can have a strong 
influence on the trajectory followed by variables from their initial to final values. 
A simple, but less general, example to demonstrate the effect of numerator zeros 
is seen in the following transfer function. 

G(s) =-2i±i-= _!_ (4.56) 

w (3 j + 1)(2.5s + 1 ) 2.5s+ 1 

The numerator zero cancelled one of the poles, with the result that the second-order 
system behaves like a first-order system. Important examples of how zeros occur 
in chemical processes and how they influence dynamic behavior are presented in 
the next chapter. Section 5.4. 


Input-Output Models 
and Transfer 
Functions 


Order of Numerator and Denominator 

Physical systems conform to a specific limitation between the orders of the nu¬ 
merator and denominator; that is, the order of the denominator must be larger than 



the order of the numerator. This limitation results from the observation that real 
physical systems do not contain pure differentiation, as would be required for a 
system with a numerator order greater than the denominator order. 


Causality 

As discussed in Chapter 1 in the introduction of feedback control, the “direction” of 
the cause-effect relationship is essential to control system design. This direction is 
presented in the transfer function by identifying the variable in the denominator as 
an input (cause) and in the numerator as an output (effect). In designing feedback 
control strategies, the variable chosen to be adjusted must be an input, and the 
measured controlled variable used for determining the adjustment must be an 
output. When the physical system is causal, the order of the denominator is greater 
than that of the numerator, and the value of the transfer function as s ->■ oo is 
equal to 0. Such a transfer function is referred to as strictly proper. 

Also, the current value of a system output variable can depend on past values 
of the output and inputs, but it cannot depend on future values of any variable. 
Therefore, the transfer function must not have prediction terms. By equation (4.24), 
the transfer function may not contain a term e 6s , which is a translation into the future 
(that cannot be eliminated by rearranging the transfer function). Such models are 
referred to as noncausal or not physically realizable, because they cannot represent 
a real physical system. 


Steady-State Gain 

The steady-state gain is the steady-state value of AY/AX for all systems whose 
outputs attain steady state after an input perturbation AX. The steady-state gain is 
normally represented by K, often with a subscript, and can be evaluated by setting 
5 = 0 in the (stable) transfer function. This is exact for linear systems and gives 
the linearized approximation for nonlinear systems. 


EXAMPLE 4.11. 

Determine the stability and damping of the outlet concentration leaving the last of 
two isothermal CSTRs in Examples 4.2 and 4.9. 

The transfer function for this system was derived in Example 4.9 and is re¬ 
peated below. 


Ca2 CO 

CaoCO 


= G(s) = 


Kp 

(vs + l) 2 


(4.57) 


The order of the system is the highest power of s in the denominator, 2. This indi¬ 
cates that the process can be modelled using two ordinary differential equations. 
The poles are the roots of the polynomial in the denominator; they are repeated 
roots, a = -1/r = -1/8.25 min -1 = -0.1212 min -1 . The dynamic behavior is non¬ 
periodic (overdamped), because the poles are real and not complex. Also, the 
poles are negative, indicating that the process is stable. 

For a stable process, the steady-state gain can be determined by setting 
s = 0 in the transfer function. 


Steady-state gain: (G(s)),=o = K p 

Also, the final value of the reactant concentration in the second reactor can be 



evaluated using the final value theorem. 


Final value: 


lim C' A7 (t) = limsCi,(.r) = lims 

r-M» s-+0 AZ i->0 



Kp 

(ts + 1 ) 


= K p ACao 
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Block Diagrams 




In a specific situation the behavior of an output variable, from time 0 to comple¬ 
tion of the response, depends on its initial conditions, input forcing, and transfer 
function (input-output) model. However, some very important properties of lin¬ 
ear dynamic systems depend only on the transfer function, because the properties 
are independent of initial conditions and type of (bounded) forcing functions. For 
example, the stability of the system was shown in the previous section to be deter¬ 
mined completely by the roots of the characteristic polynomial. The primary appli¬ 
cation of transfer functions is in the analysis of such properties of linear dynamic 
systems, and they are applied extensively throughout the remainder of the book. 


4.4 □ BLOCK DIAGRAMS 

The transfer function introduced in the previous section describes the behavior of 
the individual input-output system on which it is based. Often, several different 
individual systems are combined, and the behavior of the combined system is to 
be determined. For example, a control system could involve individual systems 
for a reactor, a distillation tower, a sensor, a valve, and a control algorithm. The 
overall model could be derived by writing all equations in a large set, taking the 
Laplace transforms, and combining into one transfer function. Another approach 
retains the distinct transfer functions of the individual systems and combines these 
transfer functions into an overall model. This second approach is usually preferred 
because 

1. It retains individual systems, thereby simplifying model changes (e.g., a dif¬ 
ferent sensor model). 

2. It provides a helpful visual representation of the cause-effect relationships in 
the overall system. 

3. It gives insight into how different components of the system influence the 
overall behavior (e.g., stability). 

The block diagram provides the method for combining individual transfer 
functions into an overall transfer function. The three allowable manipulations in 
a block diagram are shown in Figure 4.5a through c. The first is the transform 
of an input variable to an output variable using the transfer function; this is just 
a schematic representation of the relationship introduced in equation (4.45) and 
discussed in the previous section. The second is the sum (or difference) of two 
variables; the third is splitting a variable for use in more than one relationship. 
These three manipulations can be used in any sequence for combining individual 
models. A more comprehensive set of rules based on these three can be developed 
(Distephano et al., 1976), but these three are usually adequate. 

To clarify, a few illegal manipulations, which are sometimes mistakenly used, 
are shown in Figure 4.5 d through /. The first two are not allowed because the 
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KfiJ = G(s)X(s) 


(b) 



X ] (s) + X 2 (s) = X 3 (s) 



X t (s) = X 2 (s) = X 3 (s) 

FIGURE 4.5 



if) 



[X 1 (i)][X 2 (5)]=X 3 (5) 


Summary of block diagram algebra: ( a-c ) allowed; (d-f) not 
allowed. 


transfer function is defined for a single input and output, and the third is not 
allowed because the block diagram is limited to linear operations. 

The block diagram can be prepared based on linearized models (transfer func¬ 
tions) of individual units and the knowledge of their interconnections. Then an 
input-output model can be derived through the application of block diagram alge¬ 
bra, which uses the three operations in Figure 4.5a through c. The model reduction 
steps normally followed are 

1. Define the input and output variables desired for the overall transfer function. 

2. Express the output variable as a function of all variables directly affecting it 
in the block diagram. This amounts to working in the direction opposite to the 
cause-effect relationships (arrows) in the diagram. 

3. Eliminate intermediate variables by this procedure until only the output and 
one or more inputs appear in the equation. This is the input-output equation 
for the system. 

4. If a transfer function is desired, set all but one input to zero in the equation 
from step 3 and solve for the output divided by the single remaining input. 
This step may be repeated to form a transfer function for each input. 



The following examples demonstrate the principles of block diagrams, and 
many additional applications will be presented in later chapters. 

EXAMPLE 4.12. 

Draw the block diagram for the two chemical reactors in Example 4.2, and combine 
them into one overall block diagram and transfer function for the input C A o and 
the output Ca 2 - The individual transfer functions are given below and shown in 
Figure 4.6a. 







FIGURE 4.6 

Block diagrams for Example 4.12. 



Block Diagrams 


Gds) = 


G 2 (s ) = 


CaiI?) 

GaoGt) 

Ca2 CO 


K , 


T5 + 1 
*2 


with x = 


C A i(0 rs + 1 


with r = 


F + V* 

y 


X, = 


K, = 


F + Vk 
F 


(4.58) 

(4.59) 


F + Vk F+W 

Block diagram manipulations can be performed to develop the overall input- 
output relationship for the system. 


Ca2 = G 2 (S) Cai(s) = G 2 (s) [G,(s) C a 0 (s)J = G 2 (s) Gi(s)Caq(s) 

: c M o, 


(4.60) 

, r • . „ r <• i 

(ts + l ) 2 

This can be rearranged to give the transfer function and the block diagram in 
Figure 4.6b. 


Ga2(Q 

CaoCO 


= G(s) = 


(TS + l ) 2 


(4.61) 




EXAMPLE 4.13. 

Derive the overall transfer functions for the systems in Figure 4.7. The system in 
part (a) is a series of transfer functions, for which the overall transfer function is 
the product of the individual transfer functions. 


X„(s) = G n (s) X n -ds) = G„(s) G n —j (s) X n . 2 (s) 
= G„(s) G„_j (s) G n . 2 (s) • ■ • G, (j) X 0 (s) 

X„(s) 

Xo(s) 


(4.62) 


=n G '( j ) 


;=i 


The system in part (b) involves a parallel structure of transfer functions, and 
the overall transfer function can be derived as 


X 2 (s) = X, (^) + X 2 (s) = G, (s) X 0 (s) + G 2 (s) Xo (s) 


X 3 (s) 
X 0 (s) 


= G|(s) + G 2 (s) 


(4.63) 
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FIGURE 4.7 


Three common block diagram structures considered in Example 4.13. 


The system in part (c) involves a recycle structure of transfer functions, and 
the overall transfer function can be derived as 


X 2 (s) = G,(s) Xi(s) = Gi(s ) [X 0 (s) + X 3 (s)] = G,(s) [X 0 (s) + G 2 (*)X 2 (s)] 

X 2 (j) = Gi(s) ' 

X 0 (s) 1 — Gi(j)G 2 (j) 


(4.64) 


Examples of processes that can be represented by these structures, along 
with the effects of the structures on dynamic behavior, will be presented in the next 
chapter. 


It is perhaps worth noting that the block diagram is entirely equivalent to and 
provides no fundamental advantage over algebraic solution of the system’s linear 
algebraic equations (in the s domain). Either algebraic or block diagram manipu¬ 
lations for eliminating intermediate variables to give the input-output relationship 
will result in the same overall transfer function. However, as demonstrated by the 
examples, the block diagram manipulations are easily performed. 

Two further features of block diagrams militate for their extensive use. The 
first is the helpful visual representation of the integrated system provided by the 
block diagram. For example, the block diagram in Figure 4.7c clearly indicates a 
recycle in the system, a characteristic that might be overlooked when working with 
a set of equations. The second feature of the diagrams is the clear representation 
of the cause-effect relationship. The arrows present the direction of these rela¬ 
tionships and enable the engineer to identify the input variables that influence the 












output variables. As a result, block diagrams are widely used and will be applied 
extensively in the remainder of this book. 
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4.5 0 FREQUENCY RESPONSE* 


Frequency Response 


An important aspect of process (and control system) dynamic behavior is the 
response to periodic input changes, most often disturbances. The range of possible Upstream 
dynamic behavior can be determined by considering cases (in thought experiments) plant 

at different input frequencies for an example system, such as the mixing tank __ 

in Figure 4.8. If an input variation is slow, with a period of once per year, the 
output response would be essentially at its steady-state value (the same as the 
input), with the transient response being insignificant. If the input changed very FIGURE 4.8 

rapidly, say every nanosecond, the output would not be significantly influenced; Intermediate inventory to attenuate 
that is, its output amplitude would be insignificant. Finally, if the input varies at variation, 

some intermediate frequency near the response time of the process, the output will 
fluctuate continuously at values significantly different from its mean value. The 
behavior at extreme frequencies is easily determined in this thought experiment, 
but the method for determining the system behavior at intermediate frequencies is 
not obvious and is useful for the design process equipment, selection of operating 
conditions, and formulation of control algorithms to give desired performance. 

Before presenting a simplified method for evaluating the effects of frequency, a 
process equipment design example is solved by determining the complete transient 
response to a periodic input. 


C A0 

'X/ 




C M 

rv. 


Downstream 

plant 


EXAMPLE 4.14. 

The feed composition to a reactor varies with an amplitude larger than acceptable 
for the reactor. It is not possible to alter the upstream process to reduce the os¬ 
cillation in the feed; therefore, a drum is located before the reactor to reduce the 
feed composition variation, as shown in Figure 4.8. What is the minimum volume 
of the tank required to maintain the variation at the inlet to the reactor (outlet of the 
tank) less than or equal to ± 20 g/m 3 ? 

Assumptions. The assumptions include a constant well-mixed volume of liq¬ 
uid in the tank, constant density, constant flow rate in, and the input variation in 
concentration is well represented by a sine. Also, the system is initially at steady 
state. 


Data. 

1. F = 1 m 3 /min. 

2. C A0 is a sine with amplitude of 200 g/m 3 and period of 5 minutes about an 
average value of 200 g/m 3 . 

Solution. The model for this stirred-tank mixer was derived in Example 3.1 and 
applied in several subsequent examples. The difference in this example is that the 
input concentration is characterized as a sine rather than a step, C' A0 = A sin {cot). 
Thus, the model for the tank is 

dC' 

V —^ = F(A sin {cot)) - FC' M (4.65) 

at 

To more clearly evaluate the model for linearity, the values for all constants (in this 


The reader may choose to cover this material when reading Chapter 10. 
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dC ( 

yfiM = (1)[(200) sin (2 tt/5)] - (1 )C' M 
at 


Since V is a constant to be determined, the equation is linear, and we can proceed 
without linearization. Equation (4.65) could be solved by using either the integrat¬ 
ing factor or Laplace transforms. Here, the Laplace transform of equation (4.65) 
is taken to give, after some rearrangement, 


C' M (s) = 


Aco 

T 


1 


^5 + ^ (s 2 + CO 2 ) 


with r = 


V 

F 


(4.66) 


The dynamic behavior of the concentration can be determined by evaluating 
the inverse of the Laplace transform. This expression appears as entry 16 in Table 
4.1. The resulting expression for the time behavior is given in the following equation: 


C' M (t) = 


Acot 

1 + X 2 C0 2 ( 


-l/r 


+ 


Vl + X 2 0) 2 


sin (cot + 4>) 


(4.67) 


Results analysis. The first term in equation (4.67) tends to zero as time in¬ 
creases; thus, the response of the process after a long time of operation (about 
four time constants) is not affected by this term. The second term describes the 
“long-time" behavior of the concentration in response to a sine input. It is periodic, 
with the same frequency as the input forcing and an amplitude that depends on 
the input amplitude and frequency, as well as process design parameters. For 
this example, the output amplitude must be less than or equal to 20; by setting 
the amplitude equal to the limit, the time constant, and thus the volume, can be 
calculated. 



Note that the analytical solution provides valuable sensitivity information, such 
as the amount the size of the vessel must be increased if the input frequency 
decreases. 




For general frequency response analysis, periodic inputs will be limited to 
sine inputs, which will be a mathematically manageable problem. Also, only the 
“long-time” response (i.e., after the initial transient, when the output is periodic) 
is considered. The periodic behavior after a long time is sometimes referred to as 
“steady-state”; however, it seems best to restrict the term steady-state to describe 
systems with zero time derivatives. 

The periodic behavior of the input and output after a long time—the frequency 
response—is shown in Figure 4.9, and frequency response is defined as follows: 
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The frequency response defines the output behavior of a system to a sine input after 
a long enough time that the output is periodic. The output (i") of a linear system will 
be a sine with the same frequency as the input (X'), and the relationship between 
input and output can be characterized by 


Amplitude retie = ™8 nll " d ° = jH»U 
input magmtude | X(t) 1^ 

Phase angle = phase difference between the input and output 


(4.70) 


Frequency Response 


For the system in Figure 4.9 the amplitude ratio = B/A, and the phase angle 
= —2n(P'/P) radians. Note that P' is the time difference between the input and 
its effect at the output and can be greater than P. 

The usefulness of the amplitude ratio was demonstrated in Example 4.14, and 
the importance of the phase angle, while not apparent yet, will be shown to be very 
important in the analysis of feedback systems. Recalling that feedback systems 
adjust an input based on the behavior of an output, it is reasonable that the time 
(or phase) delay between these variables would affect the feedback system. The 
analysis of feedback systems using frequency response methods is introduced in 
Chapter 10 and used in many subsequent chapters. 

Example 4.14 demonstrates that the frequency response of linear systems 
can be determined by the direct solution of the ordinary differential equations. 
However, this approach is time-consuming for complex systems. Also, the solution 
of the entire transient response provides information not needed, because only 
the behavior after the initial transient is desired. Now a simpler approach for 



Frequency response for a linear system. 
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determining frequency response is presented; it is based on the transfer function 
of the system. 

The following expressions, which are derived in Appendix H, show how the 
long-time frequency response of a linear system can be evaluated easily using 
the transfer function and algebraic manipulations. The long-time output Tfr de¬ 
pends on the dynamic system model, G(s), and the input sine amplitude, A, and 
frequency, co. 


Tfr( 0 = A |G(/«t>)| sin (cot + </>) (4.71) 

The two key parameters of the frequency response can be determined from 

Amplitude ratio = AR = l^lmax — — = |G(jtw)| 

A A (4.72) 

= VRetGO'o))] 2 +Im[G(»] 2 


Phase angle = 0 = ZGO'o)) = tan -1 (4.73) 



Thus, the frequency response can be determined by substituting jco for s in the 
transfer function and evaluating the magnitude and angle of the resulting complex 
number! This is significantly simpler than solving the differential equation. 

Note that the frequency response is entirely determined by the transfer func¬ 
tion. This is logical because the initial conditions do not influence the long-time 
behavior of the system. Also, the derivation of the equations (4.72) and (4.73) 
clearly indicates that they are appropriate only for stable systems. If the system 
were unstable (i.e., if Re (a,) > 0 for any i), the output would increase without 
limit (for the linear approximation). Also, this analysis demonstrates that the out¬ 
put of a linear system forced with a sine approaches a sine after a sufficiently long 
time. How “long” this time is depends on all other terms; for most of the transient 
to have died out (i.e., e~ al < 0.02), the time should satisfy at = tjx > 4. Thus, 
a long time can usually be taken to be about four times the longest time constant, 
or the smallest a. 


EXAMPLE 4.15. 

Repeat the frequency response calculations for the mixing tank in Example 4.14 
and Figure 4.8, this time using the direct method based on the transfer function. 
The frequency response is determined by substituting jco for s in the first-order 
transfer function with r = 7.9. 


G(s) = 
G(joj) = 

AR = \G(jco)\ = 


1 


TS + 1 
1 


1 1 — xcoj 1 — xcoj 


xcoj + 1 xcoj + 11- xcoj 
V 1 + T 2 <W 2 1 


1 + x 2 cd 2 
1 


1 + x 2 co 2 VI + r 2 ft> 2 VI +62.4CW 2 


<t> = LG(jco) = tan 1 (—cox) = tan 1 (—7.9cd) 


(4.74) 


(4.75) 






Frequency, co (rad/min) 


FIGURE 4.10 


Frequency response for Example 4.15, C A (ja>)/C A0 (j<o), presented as a 

Bode plot. 


A frequency response is often presented in the form of a Bode plot, in which 
the log of the amplitude and the phase angle are plotted against the log of the 
frequency. An example of the Bode plot for the system in Example 4.15 is given in 
Figure 4.10. From this result, it can be determined that the amplitude ratio is nearly 
equal to the steady-state gain for all frequencies below about 0.10 rad/min for this 
example, and it decreases rapidly as frequency increases from this value. Also, the 
amplitude ratio at a frequency of 2n/5 = 1.26 rad/min is the desired value of 0.10. 
Finally, this graph clearly indicates the sensitivity of the result to potential errors in 
time constant and frequency; for example, the output amplitude is insensitive to 
frequency at low frequencies and quite sensitive at high frequencies. 




EXAMPLE 4.16. 

The two isothermal series CSTRs in Examples 3.3 and 4.2 rely on upstream pro¬ 
cesses for the feed of reactant A. The upstream process producing A does not 
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operate exactly at steady state. Based on an analysis of the data, the feed con¬ 
centration to the first reactor varies around its nominal value in a manner that can 
be approximated by a sine with an amplitude of 0.10 mol/m 3 and frequency of 
0.20 rad/min. Would the second reactor concentration deviate from its steady- 
state value by more than 0.05 mol/m 3 ? Variation greater than this amount is not 
acceptable to the customer. 

To answer this question, the frequency response must be evaluated. The im¬ 
portant behaviors can be stated as 


C A o(0 = Caou + A sin (cot) or C' A0 (t) = A sin (cot) 

C A2 (t) = Cpass + B sin (cot + <j>) or C' A2 (t) = B sin (cot + <j>) 


with A = 0.10 mole/m 3 , co = 0.20 rad/min, and B the unknown amplitude to be 
evaluated and compared with its maximum allowable variation magnitude. The 
transfer function based on component material balances for the two tanks was 
derived in Example 4.9 and is repeated below. 


Ca2CO _ Kp 
C\o(s) ~ (zs + l) 3 


(4.76) 


The gain is 0.448, and the time constants are both 8.25 minutes. The results in 
equations (4.71) to (4.73) demonstrate that the amplitude of the output variable can 
be evaluated by setting s = jco and evaluating the magnitude. The expressions for 
the frequency responses for many common transfer functions are provided later 
in the book (e.g., Table 10.2), so the results of the algebraic manipulations are 
summarized here without intermediate derivations being shown. 


\G(jco)\ = 


Kp 

(1 +co 2 z 2 ) 


B 

A 


(4.77) 


The magnitude of the output concentration is the product of the input magnitude 
and the amplitude ratio. Therefore, 


B = P A 

(1 +<y 2 r 2 ) 

= (0.12)(0.10 mol/m 3 ) = 0.012 mol/m 3 < 0.050 mol/m 3 


(4.78) 


Since the outlet concentration magnitude is lower than the maximum allowed, the 
operation would be considered acceptable, but good engineering would call for 
continued efforts to reduce all variation in product quality. Note that in this case, no 
control correction is required. We are seldom so fortunate, and we usually have to 
introduce corrective control actions through process control to maintain consistent 
product quality. 


The algebraic manipulations required to evaluate the amplitude ratio and phase 
angle can be tedious. However, relationships to ease hand calculations are provided 
in Chapter 10 for the commonly occurring series combinations of individual units. 
For more complex structures the frequency response can be easily evaluated using 
computer technology, because the amplitude ratio is the magnitude of the properly 
defined function of a complex variable; likewise, the phase angle is the argument 
of a complex variable. Many programming languages provide standard evaluations 
of these functions. 

In conclusion, the frequency response of a linear system can be easily deter¬ 
mined from the transfer function using equations (4.72) and (4.73). The frequency 


response gives useful information concerning how the process behaves for various 
input frequencies, and these results can be used for determining equipment de¬ 
sign parameters, such as the size of a drum to attenuate fluctuations. The general 
frequency responses for some common systems are given in the next chapter for 
several common systems, such as first- and second-order, and important applica¬ 
tions of frequency response to the analysis of feedback control systems are covered 
in Part III. 

4.6 □ CONCLUSIONS 

The methods in Chapters 3 and 4 can be combined in an approach, shown in 
Figure 4.11, designed to provide models in the format most useful for the analysis 
of process control systems. The initial steps involve the modelling procedure based 
on fundamental principles summarized in Table 3.1. This procedure can be applied 
to each process in a complex plant. Then the transfer function of each system is 
determined by taking the Laplace transform of the linearized model. The block 
diagram can be constructed to present the interactions among the individual transfer 
functions, and the overall transfer function for the integrated system can be derived 
through block diagram manipulation. 

The overall transfer functions can be used to determine some important prop¬ 
erties of the system without solving the defining differential equations. These prop¬ 
erties include 

1. The final value of the output variable 

2. The stability of the response 

3. The response of the output to a sine input 

Determining this information without the entire dynamic response has two advan¬ 
tages: 

1. It reduces the effort to establish these system properties. 

2. It assists in understanding the ways in which equipment design, operating 
conditions, and control systems affect these properties. 

Naturally, information about the entire transient is not obtained by analyzing the 
poles of the transfer function or by the frequency response calculations. The com¬ 
plete transient response can be obtained if needed from analytical or numerical 
solution of the algebraic and differential equations. 

As noted in the previous chapter, many different processes—heat exchangers, 
reactors, and so forth—behave in similar ways. The transfer function method pre¬ 
sented in this chapter gives us a useful way to compare models for processes and 
recognize similarities and differences, which is the topic of the next chapter. 
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£a a -> B 
F r=-kC: 


a a Formulate Model Based on Conservation Balances and Constitutive Relationships 

V.F - constant • “Exact” dynamic behavior described by model 


v _a_ = F {C AQ -C A )-VkCl 


v ^- F ^o-c A )-[vkc^2nc As (c A -c As )) 


aC A . I P 

dt T C A - T ^AO 


Linearize Nonlinear Terms 

• Easier to solve analytically 

• Useful for determining some 
properties, e.g., stability 


Numerical Simulation 

• Determine the complete 
transient response 


Express in Deviation Variables 
Required so that transfer functions are linear operators 


% Pseudocode for Euler's integration 
T(1) = 0 % Initialize 

CA (1) = CAINIT 
FOR N = 2 : NMAX 

IF N > NSTEP, CAO = STEP, END 
DER = (F/V) * (CAO-CA(N-l) ) 

-K* (CA(N-l) ) "2 
CA<N) = CA(N-1) + DELTAT * DER 
T(N) = T(N-1) +DELTAT 


,c;(,)-r A (/)i i=0+ ^=^ C ; 0 w 


ForC A«Uo =0 c aoM = ac ; 0 

S 

Table 4.1, entry 5 

c;(0=^AC AO (l-e-' ,r ) 


Take the Laplace Transform 


Solve Analytically 
(Invert to time domain) 

• Use Table 4.1 

• Expand using partial fractions 

• General initial conditions and 
input forcing 

Results: Complete transient of the 
linearized system 


Formulate Transfer Function 

(Do not solve for entire dynamic response) 

• Set all initial conditions to zero 

• Draw block diagram of system 

• Derive overall transfer function 
using block diagram algebra 

Results: Final value, stability, and 
frequency response 



Shows cause-effect direction 


Transfer Function: C A (s) K p 

C A o is) ~ (w+ I) 

Final Value: lim C A (s) = lim sC A (s) 

t -> oo s -* 0 


= lim s AC* 


s (TS+ 1) 


= ^/c A 

Stability: Pole s = -p < 0 


Frequency Response: 


AR=IC(y©)l = 


rr+mv 


O = Z G(jco) = tan _, (-mr) 


FIGURE 4.11 


Steps in developing models for process control with sample results for a chemical reactor. 
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ADDITIONAL RESOURCES 

The following references provide background on Laplace transforms and provide 
extensive tables. 

Doetsch, G., Introduction to the Theory and Application of Laplace Trans¬ 
forms, Springer Verlag, New York, 1974. 

Nixon, F., Handbook of Laplace Transforms (2nd ed.), Prentice-Hall, Engle¬ 
wood Cliffs, NJ, 1965. 

Spiegel, M., Theory and Problems of Laplace Transforms, McGraw-Hill, New 
York, 1965. 

Frequency responses can be determined experimentally, although at the cost 
of considerable disturbance to the process. This was done to ensure the concepts 
applied to chemical processes, as discussed in the references below, but the practice 
has been discontinued. 

Harriott, P., Process Control, McGraw-Hill, New York, 1964. 

Oldenburger, R. (ed.), Frequency Response, Macmillan, New York, 1956. 

For additional discussions on the solution of dynamic problems for other types 
of physical systems, see Ogata, 1990 (in the References) and 

Ogata, K., System Dynamics (2nd ed.), Wiley, New York, 1992. 

Tyner, M., and F. May, Process Control Engineering, The Ronald Press, New 
York, 1968. 


Churchill, R., Operational Mathematics, McGraw-Hill, New York, 1972. 
Distephano, S., A. Stubbard, and I. Williams, Feedback Control Systems, 
McGraw-Hill, New York, 1976. 

Jensen, V., and G. Jeffreys, Mathematical Methods in Chemical Engineering, 
Academic Press, London, 1963. 

Ogata, K., Modern Control Engineering, Prentice-Hall, Englewood Cliffs, NJ, 
1990. 


All of the questions in Chapter 3 relating to dynamics can be solved using methods in 
this chapter; thus, returning to those questions provides additional exercises. Also, 
when solving the questions in this chapter, it is recommended that the results be 
analyzed to determine 

• The order of the system 

• Whether the system can experience periodicity and/or instability 

• The block diagram with arrows properly representing the causal relationships 

• The final value 


QUESTIONS 

4 . 1 . Several of the example systems considered in this chapter are analyzed 
concerning the violation of safety limits. A potential strategy for a safety 
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system would be to monitor the value of the critical variable and when the 
variable approaches the safety limit (i .e., it exceeds a preset “action” value), 
a response is implemented to ensure safe operation. Three responses are 
proposed in this question to prevent the critical variable from exceeding a 
maximum-value safety limit, and it is proposed that each could be initiated 
when the measured variable reaches the action value. Critically evaluate 
each of the proposals, and if the proposal is appropriate, state the value of 
the action limit compared to the safety limit. 

The proposed responses are 

(i) Set the concentration in the feed (Cao) to zero. 

(ii) Set the inlet flow to zero. 

(iii) Introduce an inhibitor that stops the chemical reaction (for b). 

The critical variables and systems are 

(a) Ca in the mixer in Example 4.1 

(b) Ca 2 in the series of two chemical reactors in Example 4.2 

4.2. Solve the following models for the time-domain values of the dependent 
variables using Laplace transforms. 

(a) Example 3.2 

( b ) Example 3.2 with an impulse input and with a ramp input, C' A0 (t) = at 
for t > 0 (with a an arbitrary constant) 

(c) Example 3.3 with an impulse input 

4.3. The room heating Example 3.4 is to be reconsidered. In this question, a 
mass of material is present in the room and exchanges heat with the air 
according to the equation Q = UA m (T — T m ), in which UA m is an overall 
heat transfer coefficient between the mass and the room air, and T,„ is the 
uniform temperature of the mass. 

(a) Derive models for the temperatures of the air in the room and the mass. 
Combine them into one differential equation describing T. 

(b) Explain how this system would behave with an on-off control and note 
differences, if any, with the result in Example 3.4. 

4.4. An impulse of a component could be introduced into a continuous-flow 
mixing tank. 

(a) Describe how the experiment could be performed; specifically, how 
could the impulse be implemented in the experiment? 

(b) Derive a model for the component concentration in the tank, and solve 
for the concentration of the component in the tank after the impulse. 

(c) Discuss useful information that could be determined from this exper¬ 
iment. 

4.5. A CSTR has constant volume and temperature and is well mixed. The 
reaction A -> B is first-order and irreversible. The feed can contain an 
impurity which serves as an inhibitor to the reaction; the rate of reaction 
of A is ta = —koe~ E/RT C A /(l + fciCO where C\ is the concentration 
of inhibitor. The reactor is initially at steady state and experiences a step 
change in the inhibitor concentration. Determine the dynamic response of 
the concentration of reactant A after the step based on a linearized model. 
(Hint: You must determine the concentration of inhibitor first.) 
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4 . 6 . For the following systems, (a) apply the final value theorem and ( b ) calcu¬ 
late the frequency response. 

(i) Example 3.2 

(ii) Example 3.3 

(iii) A level system with L(s)/F m (s) = 1 /As, with F m (s) = AF in /i and 
A = cross-sectional area [see equation (5.15)]. 

For each case, state whether the result is correct, and if not, why. 

4 . 7 . The process shown in Figure Q4.7 is to be modelled and analyzed. It con¬ 
sists of a mixing tank, mixing pipe, and CSTR. Information for modelling 
is given below. 

(i) Both tanks are well mixed and have constant volume and temperature. 

(ii) All pipes are short and contribute negligible transportation delay. 

(iii) All flows are constant, and all densities are constant. 

(iv) The first tank is a mixing tank. 

(v) The mixing pipe has no accumulation, and the concentration Ca 3 is 
constant. 

(vi) The second tank is a CSTR with A -> products and r\ = —kC 2 A 2 . 

(a) Derive a linear(ized) model (algebraic or differential equation) relating 

to C A0 (t). 

( b ) Derive a linear(ized) model (algebraic or differential equation) relating 
C' M (t) to C' A2 (t). 

(c) Derive a linear(ized) model (algebraic or differential equation) relating 

c; 5 (OtoC; 4 (t). 

(d) Combine the models in parts (i) to (iii) into one equation relating C' A5 to 
C' M using Laplace transforms. Is the response unstable? Is the response 
periodic? 



mixing tank 


mixing 

pipe 



^3 



stirred-tank reactor 

FIGURE Q4.7 


Mixing and reaction processes. 


Questions 



130 


CHAPTER 4 
Modelling and 
Analysis for Process 
Control 


(e) Determine the analytical expression for C^ 5 (0 for a step change in the 
inlet concentration, i.e., C' A0 (t) = ACao > 0. Sketch the behavior of 
C'^it) in a plot vs. time. 

4 . 8 . Consider a modified version of the system in Example 4.14 with two tanks 
in series, each tank volume being one-half the original single-tank volume. 

(a) Determine the transfer function relating the inlet and outlet concentra¬ 
tions. 

( b ) Calculate the amplitude ratio of the inlet and outlet concentration for 
the frequency response using equation (4.72). 

(c) Determine whether either of the two designs is better (i.e., always 
provides the smaller amplitude ratio), for all frequencies. Explain your 
answer and discuss how this analysis would be used in equipment 
sizing. 

4 . 9 . The responses of the two levels in Figure Q4.9 are to be determined. The 
system is initially at steady state, and a step change is made in Fq. Assume 
that Fq is independent of the levels, that the flows F\ and F 2 are proportional 
to the pressure differences between the ends of the pipes, and that P' is 
constant. Solve for the dynamic response of both levels. 


^0 



4 . 10 . For each of the block diagrams in Figure Q4.10, derive the overall input- 
output transfer function X\(s)/X 0 (s). (Note that they are two of the most 
commonly occurring and important block diagrams used in feedback con¬ 
trol.) 

4 . 11 . The isothermal chemical reactor in Figure Q4.11 includes a liquid inventory 

in which the turbulent flow out depends on the liquid level. The chemical 
reaction is first-order with negligible heat of reaction, A B, and it occurs 

only in the tank, not in the pipe. The system is initially at steady state and 
experiences a step change in the inlet flow rate, with the inlet concentration 
constant. 

(a) Derive the overall and component material balances. 

(b) Linearize the equations and take the Laplace transforms. 

(c) Determine the transfer function for Ca (s) /F 0 (s) . 
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Questions 


(b) 


X 0 (s) 



Xds) 


FIGURE Q4.10 


4.12. The frequency response of a system can be determined empirically by in¬ 
troducing a sine to an input variable, waiting until the initial transient is 
negligible, and measuring the input and output amplitudes and the phase 
angle (see Figure 4.9). If this procedure were performed for several in¬ 
put frequencies, how could you determine whether the real physical sys¬ 
tem were first-order or second-order? After selecting the proper transfer 
function order, how could you determine the unknown parameters, gain, 
and time constant(s)? Also, discuss possible limitations to this empirical 
method. 





4.13. A single, isothermal, well-mixed, constant-volume CSTR is considered in 
this question. The chemical reaction is 

A#B 

which is first-order with the forward and reverse rate constants k\ and kj, 
respectively. Only component A appears in the feed. The system is initially 
at steady state and experiences a step in the concentration of A in the feed. 
Formulate a model to describe this system, and solve for the concentrations 
of A and B in the reactor. 

4.14. Answer the following questions. 

(a) The initial value of a variable can be determined in a manner similar 
to the final value. Derive the general expression for the initial value. 

( b) The transfer function in equation (4.46) can be inverted to give 

Cao(s) _ rs + 1 
C A (*) “ K p 

Discuss whether this is also a transfer function describing the process. 

(c) The transfer function is sometimes referred to as the impulse response 
of the (linear) system. Demonstrate why this statement is true. 

(d) If only the input-output relationship is required, why are all equations 
for the system included in the model, rather than only those equations 
involving the input and output variables? 
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FIGURE Q4.15 


4 . 15 . A heat exchanger would be difficult to model, because of the complex 
fluid mechanics in the shell side. To develop a simple model, consider the 
two stirred tanks in Figure Q4.15, in which heat is transferred through the 
common wall, with Q = UA(AT) and UA being constant. 

(a) Using typical assumptions for the stirred tanks and ignoring energy 
accumulation effects of the walls, derive an unsteady-state energy bal¬ 
ance for the temperatures in both tanks. 

( b ) Solve for the analytical expression for both temperatures in response 
to a step in 7),o. 

(c) Is it possible for this system to have periodic behavior? 

4 . 16 . For the series of isothermal CSTRs in Example 3.3: 

(a) Derive the transfer function for Ca 2 (s)/F(s). 

(b) Use this result to determine the response of Ca 2 to an impulse in the 
feed rate F. 


4 . 17 . The system in Figure Q4.17 has a flow of pure A to and from a draining 
tank (without reaction) and a constant flow of B. Both of these flows go 
to an isothermal, well-mixed, constant-volume reactor with A + B -> 
products and = —&CaCb. Make any additional assumptions 

in determining analytical expressions for the dynamic responses from an 
initial steady state. 

(a) Determine the flow of A to the chemical reactor in response to a flow 
step into the draining tank. 

(b) Determine the concentration of A in the chemical reactor in response 
to (a). 





FIGURE Q4.17 



4 . 18 . The process in Figure Q4.18 involves a continuous-flow stirred tank with 
a mass of solid material. The assumptions for the system are: 

(1) The tank is well mixed. 

(2) The physical properties are constant, and C„ » C p . 

(3) V = constant, F = constant [vol/time]. 

(4) The solid material contributes a significant portion of the energy 
storage, and the temperature is uniform throughout the solid. 

(5) The heat transfer from the liquid to the metal is UA(T — T m ). 

(6) Heat losses are negligible. 

(7) All variables are initially at steady state. 

(a) Determine the fundamental model equations that relate the behavior 
of T (0 as 7o(t) changes. 

(b) Derive the Laplace transform T'(s) as a function of T 0 '( 5 ). This involves 
the linearized) deviation variables. Identify the time constants and 
gains. 

(c) Draw a block diagram of the system of equations and derive the transfer 
function T(s)/To(s). 

(d) State whether the system is stable or unstable and periodic or nonpe¬ 
riodic, and explain your answer. 

(e) Solve the equations and sketch the dynamic response of T'(t) for a 
step change in T 0 '(/). 

if) Describe briefly how the results in steps (c) through (e) would change 
as UA -> 00 . 



M = mass 

FIGURE Q4.18 
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5.1 □ INTRODUCTION 

Examples in the previous two chapters have demonstrated that physical systems, 
which involve very different physical principles, can have similar dynamic behav¬ 
ior. The concept that a single model type can apply to a wide range of entities, 
process plants, biological units, economic communities, and so forth provides the 
basis for “systems” analysis. Thus, it is possible to acquire understanding of a 
large number of systems from a thorough study of a much smaller number of basic 
models. In this chapter we study some fundamental model structures that occur 
frequently in process plants, along with their effects on dynamic behavior. This 
experience will enable us to recognize the effects of process designs on dynamic 
behavior. 

First, the behavior of some simple, basic systems, such as first- and second- 
order and dead-time systems, is summarized using the results from previous chap¬ 
ters, with some extensions. Second, the behavior of these simple systems in series 
structures is determined. Third, the behavior of parallel structures of simple sys¬ 
tems is introduced. Fourth, the effects of recycle structures on dynamic responses 
are demonstrated. The chapter concludes with an investigation of more complex 
physical systems of special importance in the process industries: staged systems 
and multiple input-multiple output systems. 

In these sections, the manner in which the behavior of simple systems is al¬ 
tered by common process structures is derived for simple, idealized models but is 
demonstrated for important process examples involving levels, heat exchangers. 
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chemical reactors, and distillation towers. This coverage demonstrates that the 
engineer must master both the physical principles of specific processes and 
systems analysis techniques to determine the dynamics of complex processes 
quantitatively. 


5.2 m BASIC SYSTEM ELEMENTS 

The coverage of process dynamics begins with the simplest elements, which are 
often combined to model more complex systems. Since examples of most of these 
elements were included in previous chapters, the coverage here is concise. The ba¬ 
sic model structure for each element is first defined, and several physical examples 
are given, with the system input designated by X and the output by Y . The chem¬ 
ical process principles should be apparent to the reader, while the electrical and 
mechanical models are based on Kirchhoff’s and Newton’s laws, and the reader 
is referred to Ogata (1992) and Weber (1973) for derivations. The graphical and 
analytical results of common inputs for several basic systems are summarized in 
Figure 5.1; the presentation of results in such a figure seems to have originated 
with Buckley (1964). Only the amplitude ratio is presented here, because more 
extensive frequency response analysis is presented in Chapter 10, where the im¬ 
portance of the phase behavior on stability is demonstrated and applied in control 
system analysis. 
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FIGURE 5.1 

Dynamic responses for basic process-modelling elements. 
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First-Order System 

First-order systems occur as the result of a material or energy balance on a lumped 
(i.e., well-mixed) system, as demonstrated in Examples 3.1 and 3.6. Some further 
examples are given in Figure 5.2. The differential equation and transfer function 
for a first-order system are 


r 


dm 

dt 


+ m = K p x{t) 


G(s) = 


ns) 

X(S) 


xs -t- 1 


(5.1) 


The step response is monotonic, with its maximum slope at the time of the 
step, and the time to reach 63.2 percent of its final change is one time constant. 
The final steady-state change is equal to K P (AX). 


Step response: Y'(t) = K p (AX)(l — e ,/T ) (5.2) 


An impulse input occurs over a negligible time and transfers a finite amount 
into the system. For example, rapidly introducing a small amount of tracer into 
a stirred tank emulates a perfect impulse. The impulse response shows an im¬ 
mediate increase at the time of the impulse, which for the idealized stirred-tank 
example would mean that the concentration would change instantly by (mass of 
tracer)/(volume). After the impulse (C), the system follows an exponential path in 
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FIGURE 5.2 

First-order processes (E = voltage, z = position, k' — spring constant, and 

/ = friction coefficient). 
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Q 

Impulse response: Y'(t) = —(5.3) 

For the first-order system, the amplitude ratio is never greater than the process 
gain K p , and it decreases monotonically as the frequency increases: 


AR = | G (j w) | = 


\nm 

\X(ja>)\ 


Vl + to 2 r 2 


(5.4) 


Second-Order System 


The second-order system occurs when two first-order or one second-order ordinary 
differential equation is required to model the dynamic behavior. Some examples 
are given in Figure 5.3. The transfer function for the second-order system with a 
gain in the numerator (and no zeros) can be written as 


jfm+vrtm + m-K'Xi 0 


dt 2 


dt 

_ rc*) _ 


“ X(i) _ T 2 i J +2$T5+l 


(5.5) 


with 


-|±v^T 
ai.2 =- 
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FIGURE 5.3 

Second-order processes (.E = voltage, z = position, k' = spring constant, / = friction 
coefficient, h = force, m = mass, t a = V/(F + Vk), and r B = V/F). 




The parameter £ is termed th^damping coefficient, and ai, 2 are the two roots of 
the characteristic polynomial, which determine the exponents of the time-domain 
output function. When the damping coefficient is less than 1.0, the system is 
termed underdamped, the roots of the characteristic polynomial are complex, and 
the system will have periodic behavior for a nonperiodic input. For example, the 
nonisothermal reactor system in Section 3.6, which exhibits oscillations for a 
step input, has a damping coefficient of 0.15. When the damping coefficient is 
greater than 1.0, the system is termed overdamped, the roots of the characteristic 
polynomial are real, and the system will have nonperiodic responses to nonperiodic 
inputs. Finally, the series reactor system in Example 3.3 has a damping coefficient 
of 1.0, which indicates real, repeated roots; this type of system is termed critically 
damped. 

Two entries are given in Figure 5.1 for second-order systems; one is for an 
overdamped system, and the other is for an underdamped system. The step response 
for the overdamped system initially at steady state is monotonic with an initial slope 
of zero and an inflection point. Note that the underdamped system experiences 
periodic behavior even for this simple input. 


OVERDAMPED STEP RESPONSE (£ > 1). 

/ X\e~'/ x ' T 2 £ - '/ T2 \ 

Y = K p AX 1 + —--- 

V t 2 - Ti r 2 - Ti ) 

CRITICALLY DAMPED STEP RESPONSE ($ = 1). 

Y = K P AX e “' /T ] 


(5.6) 


(5.7) 


UNDERDAMPED STEP RESPONSE ($ < 1). 


AX 


Y = K p AX - K p -j=, 


-.e ?,/T sm 


■ /Vl -£ 2 } 

in (- —t +(p 

\ 7 > 


0 


= tan -1 ^ 


-,/vT^ 


(5.8) 


OVERDAMPED IMPULSE RESPONSE ($ > 1). 

,-tj n p-tfri 


Y = C [—— ----) 

\ti-r 2 x\ — t 2 / 


(5.9) 


CRITICALLY DAMPED IMPULSE RESPONSE (| = 1). 
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Y = — = — p * ,/x sin 

Both the step and impulse responses for a second-order system have initial re¬ 
sponses that are more gradual than for a first-order system. The overdamped system 
approaches its final value smoothly, while the underdamped system experiences 
oscillations. 

The amplitude ratio of the frequency response is monotonically decreasing 
for an overdamped system and begins to deviate substantially from K p around 
the frequency equal to 1/r. The amplitude ratio for second-order systems with 
a damping coefficient below 0.707 exceeds K p over a limited frequency range 
around 1/r. This resonance effect results from the inherent oscillatory tendency 
of the system reinforcing the input sine oscillations. 




(5.11) 


AR = \G(ja>)\ = 


\Y(ja>)\ 

1 * 0)1 


Kj> 

TO - a> 2 r 2 ) 2 + (2a>r£) 2 


(5.12) 


Dead Time 

The dead time or transportation delay was introduced in Example 4.3 for plug flow 
of liquids and can also occur for transportation of solids along a conveyor belt. It 
was shown to have the following model: 

Y(t) = X(f - 9) G(s) = -^ = e- 0 * (5.13) 

X(s) 

The step response, impulse response, and amplitude ratio can all be easily deter¬ 
mined, because the output is the input translated in time by 6. For example, this 
leads to the conclusion that the amplitude ratio is equal to 1.0 for all frequencies, 
which can be demonstrated mathematically by 

AR = \e~ jw9 \ = |cos ( o)9 ) — j sin (<w0)| = -J cos 2 (a>9) + sin 2 (w9) = 1 

(5.14) 

The dead time can be approximated by a transfer function that replaces the 
exponential in the Laplace variable ( e ~ 9s ) with a ratio of polynomials in s. This 
approach is referred to as a Pade approximation, which is presented in Appendix 
D. In this book, we will not use dead time approximations; i.e., we will model the 
dead time as an exact delay as given in equations (5.13). 

The importance of dead time to feedback control can be understood by con¬ 
sidering an example such as steering an automobile. With dead time, the automo¬ 
bile would not respond immediately after the change in steering wheel position. 
Clearly, such an automobile would be difficult to drive and would require a skilled 
and patient driver who could wait for the effect of a steering wheel change to occur. 

Integrator 

The integrator is a special type of first-order system; a process example of an 
integrator is a level system, which is modelled based on an overall material balance 



to give 
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pA— = pF 0 -pF l (5.15) 

In many cases the inlet and outlet flows do not depend on the level (unlike the tank 
draining Example 3.6). When no causal relationship exists from the level to the 
flow, the model has the following general form: 


dY' 


th 


dt 


= X' # f(Y') 


G(s) — 


ns) 

X(S) 


x h = holdup time 
X H s 


(5.16) 

(5.17) 


The important difference between the integrator and the first-order system in 
equation (5.1) is the lack of dependence of the derivative on the output variable 
(T')i that is, dY'/dt is independent of Y'. This results in a pole at s = 0 in the 
transfer function. The analytical expression for the output of the integrator is 


Y'(t)= f X\t')dt’ (5.18) 

Jo 

A system like this simply accumulates the net input: thus, the name integrator. If 
the deviation in the input remains nonzero and of the same sign, the magnitude 
of the idealized model output increases without limit as time increases toward 
infinity. For a step input, 


Step response: 



(5.19) 


The impulse response also demonstrates that the system integrates the impulse 
(area under the impulse function), and then the output remains constant at its altered 
value when X'(t) returns to zero. The value of the impulse response is Y' = C/x H . 
The amplitude ratio can be determined to be 


Frequency response: 


AR = \G(ja>)\ = 


1 


-coj 

1 

tHjO) 


x H to 2 

X H 0) 


(5.20) 


As the frequency decreases, the amount accumulated by the integrator each half 
period (which is related to the output amplitude) increases. 


Self-Regulation 

The unique behavior of the integrator demonstrates that not all processes tend to 
a steady state after input changes cease and all inputs are constant. To clarify the 
distinction, the term self-regulation is introduced here. 


Basic System Elements 


For a process that is self-regulatory, the output variables tend to a steady state after 
the input variables have reached constant values. 


Many processes encountered to this point have been self-regulatory, including the 
chemical reactors, heat exchanger, and mixing tanks. Self-regulatory processes are 
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generally easier to operate because they tend to a steady state. Naturally, the final 
steady state might be acceptable or not depending on the magnitude and direction 
of the input changes, so that process control is often applied to self-regulatory 
processes. 

The self-regulation in a process can be identified by analyzing the dynamic 
model to determine if the value of the output variable influences its derivative. 
For example, the heat exchanger in Example 3.7 has inherent negative feedback, 
because an increase in the output (outlet temperature) causes a decrease in a model 
input term -(F/V + UA/VpC p )T, which stabilizes the system by decreasing 
the derivative: 


— 

dt 


( F _ UA „ 

(? r ° + ??c; rdi 

External inputs 


) \v vpc p J 

Inherent negative 
feedback 


(5.21) 


Some processes have inherent positive and negative feedback; for example, 
the nonisothermal chemical reactor with exothermic chemical reaction is 


dT 

~dt 




VpC p 
External inputs 


vpc P/ 

Inherent negative 
feedback 


(5.22) 


(-Affrxn^oe-^CA 

pC P 

Inherent positive 
feedback 


The reactor has a negative feedback term in its energy balance, the same as for the 
heat exchanger. However, the exothermic chemical reaction contributes positive 
feedback, because the input term (— AH nn koe~ E,RT C a/ pC p ) increases when the 
output temperature increases. For the parameter values in Table C.l, case I, the 
inherent negative feedback in the process dominates, and the process achieves 
a steady state after a step input. The positive feedback is substantial, however, 
which leads to the periodic behavior and complex poles. Additional comments on 
the behavior and stability of processes are given in Appendix C. 

In contrast, non-self-regulatory processes do not tend to steady-state operation 
after all inputs have reached constant values. Thus, even a small (and constant) 
input change from an initial steady state can lead to large disturbances after a long 
time. A non-self-regulatory process can be identified from its dynamic model; the 
value of the output variable does not influence its derivative, as shown in equation 
(5.15), so that the derivative can have a constant (nonzero) value over a long 
time. Without intervention, a non-self-regulatory process can experience very large 
deviations from desired values; therefore, all non-self-regulatory processes require 
process control. The dynamics of typical non-self-regulatory processes are covered 
in Chapter 18, along control technology tailored to their special requirements. 

In summary, many different systems obeying the models of these basic el¬ 
ements behave in a similar manner. After the parameters have been determined, 
their behavior for specified inputs is well understood. Thus, the experience learned 
from a few examples can be extended, with care, to many other systems. 



5.3 Q SERIES STRUCTURES OF SIMPLE SYSTEMS 

A structure involving a series of systems occurs often in process control. As dis¬ 
cussed in Chapter 2, this structure can occur because of a processing sequence—for 
example, feed heat exchange, chemical reactor, product cooling, and product sep¬ 
aration. Also, a control loop involves a final element (valve), process, and sensor 
in a series, as will be more fully discussed in Part III. Therefore, the understanding 
of how series structures behave is essential in the design of chemical plants and 
process control systems. 



Series Structures of 
Simple Systems 


Noninteracting Series 

There are two major categories of series systems, and the noninteracting system 
is covered first. It is worthwhile considering the mixing system, which conforms 
to the block diagram at the bottom of Figure 5.4a, in which each intermediate 
variable has physical meaning. 

v ^r = fc ' m ~ fc ' m (523) 

v ~dT = fc ' m ~ fc ' A2 (5,24) 

Note that the model equations have the general form 

Jy7 

Ti~- = KiYl.i ~y; for i = 1,.... n with Yq = X' (5.25) 
at 

Any system modelled with equations of this structure constitutes a noninteracting 
series system. Important features of the system follow from this model. 

1. Only T n _i and Y n (not T n +i) appear in the equation for dY n /dt. 

2. Following from (1), the downstream properties do not affect upstream prop¬ 
erties; in the example, the concentration in tank 2 does not affect the concen¬ 
tration in tank 1 but does affect tank 3. 
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FIGURE 5.4 

Series of processes: (a) noninteracting; ( b ) interacting. 
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3. The model for the general noninteracting series of first-order systems can 
be developed by taking the Laplace transform of each equation (5.25) and 
combining them into one input-output expression. For a series of systems 
shown in Figure 5.4a, each represented by a transfer function G, (s), the overall 
transfer function 

= G n (s)G n .ds ) • • Gi(s) = FT G »-i(.s) (5-26) 

X(5) t=o 

For n first-order systems in series, this gives 


Yn(s) 

X(S) 


n -1 




n -1 

]”[(r n _,j + 1) 

i=0 


with K n -i and r„_,- for the individual systems 


(5.27) 


The gains and time constants appearing in equation (5.27) are the same as the 
values for the individual systems, as in equation (5.25). Thus, the model of 
interacting systems can be determined directly from the individual models. 

4. If each system is stable (i.e., r,• > 0 for all /). the series system is stable. This 
follows from the important observation that the poles (roots of the character¬ 
istic polynomial) of the series system are the poles of the individual systems. 


Now the dynamic response of a series of noninteracting first-order systems can 
be considered. Since so many possibilities exist, the simplest case of n identical 
systems, all with unity gain, is considered. The response to a step in the input, 
X'(s) = 1 /s, is plotted in Figure 5.5. Note that the time is divided by the order of 
the system (i.e., the number of systems in series), which time-scales the responses 
for easy comparison. We note that the shape of the response changes from the now- 
familiar exponential curve for n = 1. As n increases, the response begins to have 
an apparent dead time, which is the result of several first-order systems in series. 
For very large n, the output response has a very steep change at time equal to nr. 
Thus, we conclude that the series of identical noninteracting first-order systems 
approaches the behavior of a dead time with 6 nr for large n. Again looking 
ahead to feedback control, a system with several first-order systems in series would 
seem to be difficult to control, for the same reasons discussed for dead times. 

A second observation is that the curves all reach 63 percent of their output 
change at approximately the same value of t/m\ this will be exploited later in 
the section. Finally, we note that the system is always overdamped, because the 
transfer function has n real poles, all at — 1/r. 

The amplitude ratio of the frequency response can be determined directly from 
the transfer function in equation (5.27) to be 


AR 


\Y„(jco)\ 

\X(jo>)\ 


= \G(jco)\ = 



_ ! _ ) 

Vl +<u 2 t 2 / 


(5.28) 


The amplitude ratio is always less than or equal to the overall gain, and it decreases 
rapidly as the frequency becomes large. Amplitude ratios for several series of 
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Responses of n identical noninteracting first-order systems with K = 1 

in series to a unit step at t = 0. 


Series Structures of 
Simple Systems 


identical first-order systems are shown in Figure 5.6; again, the frequency is scaled 
to the order of the system to provide time-scaling. 


Interacting Series 


The second major category of series systems is interacting systems. Again, it is 
worthwhile considering a physical example, this being the level-flow process in 
Figure 5.46. Assuming that the flow through each pipe is a function of the pressure 
difference, the model can be derived based on overall material balance for each 
vessel to give 


A 


dLj 

'~df 


= Fj-\ - Fi 

= tfi-.a/-1 


- Li) - Kj(Lj - L l+l ) 


(5.29) 


because F, = K\{Pi — Pi+\) for the linearized system, and the pressures are 
proportional to the liquid levels. These model equations have the following general 
form for a series of two interacting first-order systems: 

dY' 

= (5.30) 

dY f 

h 2 -^ = K,(Y[ - Y±) - F 2 ( y' - yj) (5.31) 

Many important physical systems, including that in Figure 5.46, have struc¬ 
tures described by equations (5.30) and (5.31); thus, these equations are considered 
representative of interacting systems for subsequent analysis. Some important fea¬ 
tures of these systems follow from their model structure: 
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Scaled frequency (rad/time) 

tor 

n 

FIGURE 5.6 

Frequency responses of n identical noninteracting first-order systems 
with K = 1 in series. 


1. The variables y„_i, Y n , and Y n+[ appear in the equation for dY n /dt. 

2 . Following from ( 1 ), the downstream properties affect upstream properties; for 
example, the exhaust pressure (Pj) influences both levels in Figure 5.4 b. 

3. The model for the general interacting series system of first-order systems can 
be developed by taking the Laplace transform of equations (5.30) and (5.31) 
and combining them into one input-output expression, which results in poles 
of the interacting system that are different from the poles of the individual 
systems. 

The procedure for deriving the overall transfer function is shown in some 
detail, because the result is somewhat more complex than for a noninteracting 
system and because the procedure can be applied to systems of differing structures. 
First, the Laplace transform of equation (5.30) can be rearranged to give (with the 
primes deleted) 

f,W = - 1/ ^‘ T XW +- Y 2 (s) with Tn = 77 - (5.32) 

rns +1 rns +1 K\ 

The parameter tyi is the time constant for the first system when considered indi¬ 
vidually. The Laplace transform of the second equation is 

TY 2 SY 2 (S) = ^-[Ti(s) - Y 2 (s)] - [Y 2 (s) - Y 3 (s)] with r y2 = ^ (5.33) 

^2 K 2 

Again, the parameter ry 2 is the time constant for the second system when con¬ 
sidered individually. The behavior of the combined system can be determined by 




substituting equation (5.32) into (5.33) to give, after some rearrangement, 


Y 2 (s) = 


(rns + 1) 


0 


K \ 

TY\TY2S 2 + ( Tyi + TY2 + Tyr^r ) s + 1 

\/k 2 


-Y 3 (s) 


( 


TyxTy'lS 1 + I Ty\ + Ty 2 + ?Yl 


~) 

k 2 ) 


■X(s) 


s + 1 


(5.34) 


Several important conclusions on the effect of the series structure on the 
dynamic behavior can be determined from an analysis of the denominator of the 
transfer function. The time constants of the interacting system (ri and r 2 ), which 
are the inverses of the poles, can be determined by solving the quadratic equation 
for the roots of the characteristic polynomial to give 


<*i ,2 = — = 
* 1.2 


-( 


+ ty2 + Tyi 



tn + ty2 + ty | 


£lV- 

k 2 ) 


4tylTy2 


2tyity2 


(5.35) 


Four characteristics of the dynamics of this type of series system are now estab¬ 
lished. First, the possibility of complex poles is determined to establish whether 
periodic behavior is possible. The expression within the square root in equation 
(5.35) can be rearranged to give 


( 


tyi + ty 2 + ty i 
= (Ty| — ty 2 ) 2 + tyi 


£)- 
S( 


4tyiTy 2 

2ty| + 2ty 2 + tyi 


D- 


(5.36) 


Since both terms in the right-hand expression are greater than zero, the entire 
expression is greater than zero, and complex poles are not possible for this system. 
Therefore, periodic behavior cannot occur for nonperiodic inputs, such as a step. 

Second, the stability of the process can be determined from equation (5.35). 
Note that the numerator has the form —a ± ( a 2 — b) 05 , with a and b both positive. 
Therefore, the poles for both signs of the root are negative, and the system is stable. 

Third, the “speed” of response of the interacting series system can be compared 
with the individual system responses. Since the poles are real, the characteristic 
polynomial in equation (5.34) can be written in an equivalent form as 


(tis + l)(r 2 s + 1) = tit 2 s 2 + (ri + x 2 )s + 1 (5.37) 


Equating the coefficients of like powers of s in equations (5.34) and (5.37) gives 


rit 2 = TyiTy 2 and 


tl 


+ T 2 = Tyi + Ty2 + tyi 


£l 

k 2 


(5.38) 


Therefore, the sum of the time constants for the overall interacting system is 
greater than the sum of the individual systems. In other words, the interacting 
system is “slower,” due to the interaction, than it would have been if the systems 
were noninteracting. 
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Fourth, equations (5.38) show that the product of the time constants is un¬ 
changed but the sum is greater. Therefore, the difference between the interacting 
system time constants (n - r 2 ) is greater than the difference between the individ¬ 
ual time constants (x Y i — xyz)] that is, one time constant begins to dominate. This 
conclusion can be demonstrated by rearranging equations (5.38) to give 


(rj - r 2 ) 2 = (r n - x yzY + *n Tr ( 2r n + 2x Y2 + *Vi 


£(■ 


1 k 2 ) 


(5.39) 


Since the noninteracting series system has been shown to have all real poles, 
the dynamic responses of an interacting system of first-order systems have many 
of the same characteristics as those of a noninteracting system; that is, they are 
stable and overdamped. 


The previous results for interacting systems are applicable to (only) those systems 
that conform to the model; in addition to having variables K„_i, Y„ , and y„+i appear 
in the equation for dY n /dt, the coefficients of each linearized term must conform to 
the structure and range of values in equations (5.30) and (5.31). 


Many systems have the same model structures but different ranges for the 
values of the parameters. If the type of system is not obvious from the structure of 
the equations and the values of the model parameters, the model can be analyzed 
using the procedure just applied to the equations (5.30) and (5.31) to determine 
important characteristics of its dynamic behavior. 


Noninteracting Series with Dead Time 


As will become more apparent in the next chapter, we often use first-order-with- 
dead-time models to approximate more complex systems with monotonic step 
input responses. Therefore, noninteracting series of first-order-with-dead-time sys¬ 
tems are considered to conclude this section. The direct application of equation 
(5.26) results in 


Y{s) 

X(s) 


n-1 

= f[G,,_,(*) = 
/=0 


(f\ K ^j ex p 


no* + ^ 

i=i 


with Gj(s) 


Kj£^_ 

XiS + 1 


(5.40) 


This overall transfer function provides the basis for the following equations, which 
give values for key parameters of a noninteracting series of first-order-with-dead- 
time systems. 


n 

n 


Exact relationships: K — J"J Ki 

j=i 

* = !> 

<=1 

(5.41a) 

Approximate relationship: te* ^ 

£(0/ +'*) 
i=l 

(5.416) 




The results for the overall gain and dead time follow directly from equation (5.40). 149 

The approximation for the time for the output response to a step input to reach 

63 percent of its final value, f 63 %» is based on fitting an approximate model to the Series Structures or 

response of the series system, using the method of moments. The derivation of Simple Systems 

this expression is provided in Appendix D. The relationships in equations (5.41) 
are useful for quickly characterizing the approximate behavior of a noninteracting 
series system from the individual systems; comparison to solutions of noninter¬ 
acting systems (e.g., Figure 5.5) shows that the expression for t^% is a reasonable 
approximation but not exact. 

EXAMPLE 5.1. 

Four first-order-with-dead time systems, with parameters in the following table, are 
placed in a noninteracting series. Describe the output response of this system to 
a step change in the input to the series at time = 2. 


System 

1 

2 

3 

4 

Dead time, 0 

0.40 

0.90 

1.2 

1.70 

Time constant, r 

1.5 

3.3 

5.2 

0.95 

Gain, K 

1.0 

0.25 

3.0 

'wmm 

1.33 

PPMS1 


The results in this section on noninteracting systems indicate that the output re¬ 
sponse will be an overdamped sigmoid. Equations (5.41) can be used to estimate 
key values of the response. Note that the input occurred at time = 2, so that the 
points indicated on Figure 5.7 are based on the following results as measured 
from time = 2. 

K p = 1.0 0 = 4.2 (after step) ^(0 + r) = 15.15 15.15 (after step) 

The overall response is compared with the approximation in Figure 5.7, which 
demonstrates the usefulness of the approximation for f 63% , because it gives an 
approximate “time scale" for the response. However, many sigmoidal curves could 
be drawn through the two points in the figure. The entire curve can be determined 
through analytical or numerical solution of the defining equations. 


EXAMPLE 5.2. Input-output response. 

Two series systems, each with four elements, involve only transportation delays 
and mixing tanks. A step change is introduced into the input feed composition of 
each system with the flow rates constant. Determine and compare the dynamic 
responses of the output for each system. Since there is no chemical reaction, the 
systems have a gain of 1.0 and dynamic parameters given in the following table. 



0i 

*1 

02 

T 2 

03 

*3 

04 

Case 1 

0 

2 

2 

0 

0 

2 

2 

Case 2 

0 

2 

2 

2 

1 

0 

1 


*4 


0 

0 
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Dynamic response of series processes in Example 5.1 for a unit step at 
time = 2. 


The solution can be developed in several ways. The most general is to derive the 
overall input-output transfer functions for these systems. 

r 4 (s) = G 4 (s)Y 3 (s) = • • • = G 4 (s)G 3 (s)G 2 (s)G,(s)X(s) 

Y 4 (s) iQ e -(ei+e 2 +ff3+04)s 

X(s) ~ (ti s + 1)(t 2 s + 1)(t 3 s + l)(r 4 s + 1) 

1.0e -4i 

” (2s + 1)(2j + 1) 

Since the overall transfer functions are the same for the two systems, their dynamic 
input-output behaviors are identical. This is verified by the transient responses of 
the two cases for a step input at time = 2 in Figure 5.8, with each variable Y t (t) on 
a separate scale. 




The responses in Figure 5.8 show that two systems can have the same input-output 
behavior with different values for intermediate variables. 


In conclusion, the analysis in this section has demonstrated that both noninter¬ 
acting and interacting series of n first-order systems can be modelled by a transfer 
function with a characteristic polynomial of order n. Much about the dynamic re¬ 
sponses of the series systems can be determined from the models of the individual 
systems. The results are summarized in Table 5.1. 

The series systems in this section provided additional reinforcement for the im¬ 
portance of transfer function poles. The strongest general conclusions were based 
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Dynamic responses for series system in Example 5.2 to a unit step at time = 2. 


TABLE 5.1 

Properties of series systems with first-order elements 
(responses between input, X, and output, F„) 

Individual first-order Noninteracting Interacting series system, 

systems series systems equations (5.30) and (5.31) 


n first-order systems 
Each is stable 
Time constants, r,- 


* 63 % 

Step response 
Frequency response 


nth-order system 
Stable, not periodic 
Time constants are r,-, 
»‘ = 1 . n 


*63% % 51 r < 

Overdamped, sigmoidal 
AR < K p for all co 


nth-order system 
Stable, not periodic 
Time constants are not t, ’s. They 
must be determined by solving the 
characteristic polynomial. 

*63% > 51 T i 

Overdamped, sigmoidal 
AR < K p for all co 


on the manner in which the poles of the overall system were or were not affected by 
the series structure. These conclusions concerned stability and the related property 
of periodic behavior. Since these generalizations dealt with properties completely 
determined by the poles, they are independent of the numerators in the transfer 
functions. In fact, the generalizations on stability and periodicity can be extended 
to any series transfer functions with denominators expressed as a polynomial in s. 





152 

CHAPTERS 
Dynamic Behavior of 
Typical Process 
Systems 


However, the values of the poles do not provide general conclusions for the 
time-domain responses to step and sine inputs. Since both the numerator and 
denominator of the transfer function influence the dynamic behavior, the more 
specific results on dynamic responses are valid only for systems consistent with 
the assumptions in the derivations—that is, with a constant for the numerator 
of each series transfer function element. In particular. Figures 5.4 and 5.5 and all 
conclusions on the step response and amplitude ratio are specific to systems whose 
component elements have constant numerators. Finally, such strong conclusions 
for an overall system, based on the individual elements, are not always possible, 
as demonstrated by the structures considered in the remainder of this chapter. 


5.4 n PARALLEL STRUCTURES OF SIMPLE SYSTEMS 



FIGURE 5.9 



Examples of parallel systems in 
chemical engineering: (a) heat 
exchanger with bypass and (b) chemical 
reaction system. 


Parallel paths between a system input and its output can occur in processes, for 
example, the heat exchanger with multiple fluid flow paths in Figure 5.9a and 
the multiple reaction pathways in Figure 5.9 b. Systems with parallel paths can 
experience unique dynamic behavior that can have a strong effect on control per¬ 
formance. Therefore, engineers should understand the process structures leading to 
parallel structures giving good and poor dynamic behaviors. The basic concepts of 
parallel systems are introduced in this section to explain the reasons for the unique 
dynamic behavior, and detailed process examples are presented in Appendix I. 

A simple structure that demonstrates the important features of parallel systems 
is shown in Figure 5.10. The system has two paths between the input variable, X, 
and the output, Y . The overall model relating input and output can be determined 
using block diagram algebra. 



Example of a parallel structure 
involving two systems. 


Y l (s) = G l (s)X(s) 

(5.42) 

Y 2 (s ) = G 2 (s)X(s ) 

(5.43) 

TO = ITO + Y 2 (s) 

(5.44) 

The three equations can be combined to give 


TO 

-±-L = Gi(s) + G 2 (s) 

X(s) 

(5.45) 

For the situation in which each process is a first-order process, G; (s) 
1 ), the model becomes 

= Ki/{TiS + 

TO _ K x k 2 

X(s) (ris + l) (r 2 .s-t-l) 

(5.46) 


Equation (5.46) can be rearranged to have a common denominator to give 

TO ^ Kp(rjs + 1) 

X(s ) (rij + l)(r 2 J + 1) 


(5.47) 


with K p = (Ki + K 2 ) 

*3 = {K\T2 + K 2 T\)/(K\ + K 2 ) 

We note that the transfer function model in equation (5.47) has a polynomial in the 
Laplace variable s in the denominator, as has occurred in many previous models; 
the denominator terms result from taking the Laplace transform of derivatives in 





the dynamic models. Since the stability and periodicity of the output Y(t) depend 
on the roots of the denominator, we conclude that the parallel structure does not 
alter these important aspects of dynamic behavior. 

In addition, this model has a new feature in the model, a polynomial in s in the 
transfer function numerator that results from the parallel structure. To investigate 
the effect of the parallel structure on dynamic behavior, the step response of the 
system in Figure 5.10 and modelled by equation (5.47) will be determined. The 
time behavior can be determined by setting X(s ) = A X/s for a step change and 
taking the inverse Laplace transform using entry 10 in Table 4.1 (with a = r 3 ). 

Y'(t ) = K„ AX (1 + - ~ T V f/T| - - - T3 e~ ,/r2 ) (5.48) 

\ *2 - Tl *2 - Ti / 

To enable us to plot a typical system, the following arbitrary parameter values are 
inserted into equation (5.48): K = 1, AX = 1, Ti =2, and = 1. The responses 
are plotted for several values of the parameter T 3 in Figure 5.11. 

Key characteristics of the responses depend on the value of T 3 . 
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For negative values of T 3 the step response changes initially in the direction opposite 
from the final steady state! This behavior is termed an inverse response and results 
from the parallel path. 



Responses for a sample parallel system to a unit step at t — 0 in AT (s); 
the model is Y(s)/X(s) = G(s) = (r 3 s + l)/(2s + l)(s +1), with the 

value of t 3 shown for each curve. 
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This behavior can be explained by considering the system in Figure 5.10, which 
•shows that the output is the sum of two effects. When one path has fast dynamics 
and a negative gain, the process output initially decreases; however, if the second 
path has slower dynamics but a positive gain of larger magnitude, the ultimate 
output response will be positive. Thus, an inverse response occurs. 

Figure 5.11 also shows that the output can have transient values greater than 
its final value when T 3 > Ti and 13 > t 2 . This behavior is termed overshoot and 
results from the parallel path. This behavior can be explained by considering the 
system in Figure 5.10. When one path has fast dynamics and a large positive gain, 
the process output initially increases a large amount; when the effects of the second 
slower path are negative but smaller in magnitude, the output decreases from its 
maximum, but remains positive. Thus, the overshoot occurs although the process 
is overdamped, i.e., nonperiodic. 

The importance of inverse response or overshoot can be recognized by thinking 
about how you would drive an automobile that had steering dynamics with either 
of these behaviors. Only a skilled driver could maintain the vehicle on the road, and 
no driver could achieve good performance. Therefore, the design engineer should 
seek to avoid processes that experience these behaviors through process equipment 
selection. Note that the dynamics are monotonic for many systems in Figure 5.11 
when 73 7 ^ 0 , so that only parallel structures with specific ranges of parameters 
yield these unique and usually undesirable behaviors. In Appendix I, some realistic 
parallel-path process examples are presented that experience interesting and im¬ 
portant dynamic behavior. Approaches to improve dynamic performance through 
control are discussed throughout the book. 

In summary, parallel paths exist in many processes due to either complex 
interconnecting flow structures of individual systems or due to parallel effects 
within a single process. Since the poles are unaffected by a parallel structure, 
stability and damping of the overall system is not affected. This can be seen from 
equation (5.47), in which the denominator of the overall transfer function has 
the poles of the individual transfer functions. However, the parallel paths can 
have a significant effect on the dynamic behavior of the system, and the most 
complex behavior—overshoot or inverse response—occurs when parallel paths 
have significantly different speeds of response, so that parallel responses from an 
input affect the output at different times. Also, the approximate time to reach 63 
percent of the output change for a step input is affected by the numerator, and it 
is not simply the sum of the individual time constants. The behavior of parallel 
systems of first-order individual systems is summarized in Table 5.2. 

The behavior presented in this section can cause some difficulty in termi¬ 
nology, since a stable overdamped system (f > 1 ) is usually thought to have a 
monotonic response to a step input. This is true when the transfer function numer¬ 
ator is a constant, but it is not necessarily true when the numerator is a function of 
s. The potential dynamic behavior is summarized in Table 5.2. 


Poles Response to nonperiodic input Monotonic response to step 


Complex Periodic 
Real Nonperiodic 


Not possible 

Possible, depends on numerator 


TABLE 5.2 

Properties of parallel systems with first-order elements 


Individual first-order 
systems 

Parallel system 

Each is first order 

Order of the highest order in a parallel path 

Each is stable 

Stable, not periodic 

Poles are 1 /r,- 

Poles are l/r ( , i = 1 , ..., n 


tei% 7^ St j 

Step response 

Can be monotonic or experience overshoot or inverse response 

Frequency response 

Amplitude ratio can exceed steady-state process gain (for some 
frequency range) 



Recycle Structures 


The emphasis on complex dynamic responses in this section does not indicate that 
all systems with numerator zeros give unfavorable dynamics such as large overshoot 
or inverse response. 


The engineer can analyze the physical process for possible parallel paths 
with different dynamics to identify potentially complex dynamics and then use 
quantitative methods to determine whether the behavior may cause difficulty for 
control. Each input must be considered separately, because the characteristics of 
the output dynamic response differ for different inputs. 


5.5 n RECYCLE STRUCTURES 


Recycle structures are used often in process plants, to return valuable material for 
reprocessing and to recover energy from effluent streams through heat exchange. 
Such interconnections, termed process integration, are often cited as potential 
causes of difficulty in plant operations in spite of their advantages in the steady 
state; therefore, it is important to understand the effects of recycle on process 
dynamics. This structure will be introduced through a process example and then 
will be generalized. 


EXAMPLE 5.3. Reactor with feed-effluent heat exchanger. 

The process design shown in Figure 5.12 has a feed-effluent heat exchanger that 
can be used for a chemical reactor with a high feed temperature and a need for 
cooling the product effluent stream. 


Formulation. The analysis begins with the transfer functions of the following indi¬ 
vidual input-output relationships, represented in the block diagram in Figure 5.13. 


Tds) 

T 0 (s) 


= Gh\(s) = 


Kjn 

Tffl* + 1 


T 2 (s) 

Ti(s) 


= Ghi(s) = 


Kjn 

this + 1 


(5.49) 


Ti(s) = T i (s) + T 2 (s) 


T 4 (s) 


= G r (s) = 


K r 


T 3 (S) TrS +1 

The block diagram shows the output of the reactor returning to influence an input 



Reactor with feed-effluent heat 
exchanger in Example S3. 



FIGURE 5.13 


Block diagram of reactor-exchanger in 

Example S3. 
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to the reactor. This is feedback that has been introduced into the process by a 
recycle of energy. To determine the behavior of the integrated system, the overall 
input-output transfer function must be determined using block diagram algebra. 

T 4 (s) = G r (s)T 3 (s) = G R (s)[Tds) + r 2 (*)] 

= G R (s)[G H 2 (s)T 4 (s) + G Hl (s)T 0 (s)] (j- 

74(f) _ 

T 0 (s) ~ 1 - G r (s)G H 2 (s) 

It is immediately apparent from the overall transfer function that recycle has 
fundamentally changed the behavior of the system, because the characteristic 
polynomial in equation (5.50) has been influenced and the poles of the overall 
system are not the poles of the individual units. Thus, the stability of the overall 
system cannot be guaranteed, even if each individual system is stable! 

To investigate the behavior of a recycle system further, models are defined for 
each of the individual processes in Figure 5.12. The following transfer functions are 
very simple, but the recycle system with these models experiences characteristics 
typical of realistic processes. 

G*(s) = -4- Ghi(s) = 0.40 
10 s 4- 1 

With recycle: G H 2 (j) = 0-30 

Without recycle: G W2 ($) = 0 


The gains are dimensionless (°C/°C), and time is in minutes. The recycle heat 
exchanger model, G H2 (s), represents the effect of the recycle stream temperature 
on the reactor inlet temperature. If no recycle existed, i.e., if the effluent did not 
exchange heat with the reactor feed, r 4 (s) would have no effect on r 3 (j), so that 
G W 2 (s) would not exist, which is represented by G h 2 (j) = 0. These transfer function 
models can be substituted into equation (5.50) to determine the overall effect of 
a change in the process inlet temperature, T 0 (s), on the reactor temperature with 
and without recycle. 

With recycle: 



Without recycle (C» 2 (s) = 0): 

^ = G Hi (s)G R (s) = -^-7 (5.52) 

Results analysis. The foregoing expressions and the dynamic responses for 
a step input of 2°C in To in Figure 5.14 show the dramatic effect of recycle on 
the steady-state gain and time constant: both increase by a factor of 10 due to 
recycle. This change can be understood by analyzing the interaction between the 
exchanger and reactor in the recycle system during a transient: an increase in T 0 
causes an increase in r 3 and then r 4 , which causes an increase in r 2 , which causes 
an increase in r 4 , and so on; in short, the output change is reinforced through the 
recycle (feedback) exchanger. The system is still stable and self-regulatory, be¬ 
cause of the dominant inherent negative feedback for the parameter values in this 
example, but the recycle has created an inherent positive feedback in the process, 
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Dynamic responses for a 2°C step in T 0 at time = 0 with and without recycle. 

(Note different scales.) Results from Example 5.3. 


Staged Processes 


which has significantly affected the dynamic response. The potentially unfavorable 
dynamic effects of recycle can be reduced through automatic control strategies, 
which retain most of the process performance benefits, as demonstrated for this 
chemical reactor design in Figure 24.11. 


The simple example in this section demonstrates the potential effects of recycle 
on dynamic behavior: 

1. Recycle can alter the stability and possibility for periodic behavior of the 
overall system, because it affects the poles of the overall system. 

2. The time constants and steady-state gain of the overall system with recycle 
can be changed substantially from their values without recycle. 

Again, understanding the effect of recycle on dynamic responses is an important 
aspect of process dynamics, and the material in this section is enhanced by reference 
to the studies of recycle in the Additional Resources at the end of this chapter. 


5.6 □ STAGED PROCESSES 

Staged processes are used widely in the process industries for multiple contact¬ 
ing of streams and can be considered as a special interconnection of elements, in 
which an element exchanges material and energy with only the adjoining stages. 
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Some common examples are vapor-liquid equilibrium (Treybal, 1955), multieffect 
evaporation (Nisenfeld, 1985), and flotation (Narraway et al., 1991). Staged sys¬ 
tems can experience a wide variety of dynamic behavior depending on the physical 
processes (e.g., mass transfer, heat transfer, and chemical reaction) that occur at 
each stage. 

The fundamental model for a staged system must include all significant bal¬ 
ances on every stage. However, the variables at every stage are not always of great 
importance for the overall performance of the process, because only the properties 
of the streams leaving the process are usually of interest. In some cases, a few 
intermediate variables could be important; an example is the flows on stages of a 
stripping tower, which might approach or exceed the hydraulic limits for proper 
contacting efficiency. We will assume in this section that the only output properties 
of interest are in the product streams. 

In this section the dynamics of a distillation tower, shown in Figure 5.15, are 
considered as an example of staged systems to introduce the modelling approach 
and describe typical dynamic behavior. An accurate model of a multicomponent 
distillation tower must consider complex thermodynamic relationships and em¬ 
ploy special numerical algorithms for the simultaneous solution of equilibrium 
expressions and material and energy balances. To simplify the presentation while 
maintaining a realistic model, the tower considered will separate only two compo¬ 
nents, and the phase equilibrium is assumed to be well represented by a constant 
relative volatility (Smith and Van Ness, 1987). Also, the energy balance at each 
stage can be simplified by the assumption of equal molal overflow, which implies 
that the heats of vaporization of both components are equal and mixing and sensible 
heat effects are negligible. 

The assumptions are 

1. The liquid level on every tray remains above the weir height. 

2. Equal molal overflow applies. 

3. Relative volatility a and heat of vaporization A. are constant. 

4. Holdup in vapor phase is negligible. 


Feed 


FM f 

~*T 



FM 0 Distillate 


FM fl Bottoms 

Xb 


FIGURE 5.15 

Distillation tower. 





The following nomenclature is used: 

MM = molar holdup of liquid on tray 
FM = molar flow rate of liquid 
X = mole fraction of light component in liquid 
A = heat of vaporization 
VM = molar flow rate of vapor 
Y = mole fraction of light component in vapor 
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The schematic of a general tray in Figure 5.16 shows that every tray has the 
potential for feed and product flows and heat transfer. With the assumptions and 
the general tray structure, the basic overall and component balances for each stage 
or tray (i = 1 ,..., n) can be formulated as 


Overall material (molar) balance on liquid phase: 

rfMM Qi 

= FM/+1 - FM/ + FM fi - FM pi - y (5.53) 

Quasi-steady-state overall material (molar) balance on vapor phase: 

VM,- = VM*., - VM,,- + Q- (5.54) 

A 

VM*., =VM,_, +VM /t - (5.55) 


r _ VM/-| F;-! + VMfjYfi 
VM*_, 

Light component balance on the tray: 
rf(MM/X/) _ 

df = FM/+,X/ + , + FMfjXfi - (FM p / +FM/)X/ 
- (VM/ + VMp/)y, + VM*_,^, 


(5.56) 


(5.57) 


This formulation is adequate for every equilibrium tray in the tower. For most 
trays, feed flows, product flows, and heat transferred are zero, while at least one 
tray has a nonzero feed. The top tray has a liquid feed, which is reflux, and its vapor 
stream goes to the total condenser. The bottom tray has its liquid go to the kettle 
reboiler, which is also an equilibrium stage. Note that although the equations can 
be formulated as shown, the computer implementation in this form would involve 
extensive multiplications for the zero streams; thus, an efficient implementation 
for a specific design would eliminate streams that are always zero. 

Since there are many more variables than equations in the conservation bal¬ 
ances, the model is not completely specified by these balances alone. The model 
requires constitutive expressions to relate liquid and vapor compositions. The phase 
equilibrium equation for a binary system with constant relative volatility a is 


Yi = 


aX ,• 

1 + (a - 1)X/ 


(5.58) 


The model also requires constitutive expressions to relate liquid flows and 
inventories on the trays. The liquid flow from a tray is related to the level (L, = 
MMi/ pm A) above the weir height, L w , by (Foust et al., 1980) 


Liquid Vapor 



General tray used in modelling 
distillation. 



Lw 


FM, = K w 


(5.59) 
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with A being the cross-sectional area and pM moles/m 3 . The modelling effort is 
not complete until models are developed for the associated equipment, which for 
this distillation tower includes the heat exchangers that vaporize part of the liquid 
accumulated in the bottom drum and condense the overhead vapor. The behavior of 
these is not particularly complex but requires feedback control to model properly. 
To maintain simple model structures without the need for control at this point, 
the reboiler duty is assumed to be proportional to the heating medium flow, and 
the vapor overhead is assumed to be completely condensed without subcooling, 
so that the pressure is maintained at a constant value by adjusting the condensing 
duty, thus 

(2cond = VM„A (5.60) 

Qteb = Kreb F eb (5.61) 


Also, the volumes in the overhead and bottom accumulators can be modelled 
by overall and component balances. In reality, the levels of these inventories would 
be controlled by adjusting the product flows; in this example, the levels are assumed 
exactly constant, so that the models become 

FM d = VM„ - FM, (5.62) 

FMfl = FM, - VM 0 (5.63) 


The composition in the overhead accumulator ( X n+ \ = X D ) can be deter¬ 
mined from a component material balance: 

MM d ^ = VM„T n - X D (FM D + FM,) = VM„(y„ - X D ) (5.64) 

Again, with the inventory constant, the kettle reboiler can be modelled with a 
component material balance (Xq = Xb ), equilibrium relationship, and a calcula¬ 
tion of vapor flow based on heat transferred. 


MM fl ^ = FMiX, - FM B X B - VM 0 F 0 
at 


Yo = 


aX B 


l + (a-l)X B 


VMo = 


Qre b 

~Y~ 


(5.65) 

(5.66) 

(5.67) 


To specify the system completely, sufficient external input variables must be 
defined so that the degrees of freedom are zero. The feed flow and composition must 
be specified along with two additional variables, here selected to be the distillate 
product flow Fd and the reboiler heating flow F re t>. With these external variables 
specified, the degrees-of-freedom analysis summarized in Table 5.3 shows that the 
system is exactly specified. The number of equations is equal to the number of de¬ 
pendent variables; thus, there are zero degrees of freedom. Note that the parameters 
(A., a, K w , MM 0 , K ieb , MM,, and L w ) were excluded from the analysis, because 
they are always constant. Also, the feed variables are determined by upstream pro¬ 
cess conditions. Typically, external variables like the reboiler heating flow rate and 
the distillate product flow rate are adjusted to achieve the desired product compo¬ 
sitions; here, they are assumed known external variables. The model formulation 
included assumptions, like constant accumulator levels and pressure, that are not 
necessary but simplify the model and presentation. 



TABLE 5.3 

Distillation degrees off freedom for n trays 
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Equations 

Variables (dependent) 

External specified 
variables (independent) 

Trays 

(5.53) to (5.59) for each 

MM, FM, VM, X , 

FM/, Xf, VM/, Yf, 


tray 

Y, Y*, V* for each tray 

FM P , VM P , Q for each 



plus FM n+] , X n+U V 0 , 

tray 


On) 

Y 0 (7n + 4) 

(7n) 

Overhead 

(5.60), (5.62), and 

Qcond 

FM/? or FM d , MM d 


(5.64) (3) 

(1) 

(2) 

Reboiler 

(5.61), (5.63), (5.65), 

Xg, FM*, and Q K b 

F reb , MM B 


(5.66), and (5.67) (5) 

(3) 

(2) 

Total 

7n + 8 

7n + 8 

7n + 4 


Staged Processes 


TABLE 5.4 

Base case design parameters for example 
binary distillation 


Relative volatility 
Number of trays 
Feed tray 

Analyzer dead times 
Feed light key 
Distillate light key 
Bottoms light key 
Feed flow 
Reflux flow 
Distillate flow 
Vapor reboiled 
Tray holdup 
Holdup in drums 


2.4 

17 

9 

2 min 
X F = 0.50 
X D = 0.98 fraction 
X B = 0.02 fraction 
FM/r = 10.0 kmole/min 
FM* = 8.53 kmole/min 
FM 0 = 5.0 kmole/min 
VM 0 = 13.53 kmole/min 
MM ( = 1.0 kmole 
MM/j = MM d = 10.0 kmole 


EXAMPLE 5.4. 

Determine the dynamic behavior of a binary distillation tower with the parameters 
in Table 5.4. The model equations can be integrated numerically to determine the 
response of the system from specified initial conditions for any values or func¬ 
tions of the external variables. The dynamic responses are obtained by estab¬ 
lishing a steady-state operating condition and introducing a single step change 
to one of the external variables; each step is 1 percent of the base case input 
value. (This is exactly how the experiment would be performed on the physical 
tower, as explained in Chapter 6.) The results are shown in Figure 5.17a and 
b. The composition responses are smooth monotonic sigmoidal curves, in spite 
of the complexity of the process. Note that changing a single input affects both 
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Time (min) 


Time (min) 


(a) 



27.06 


■8 

1 

I 

> 


13.53 



(« 


20 40 

Time (min) 



FIGURE 5.17 


Response of distillate and bottoms products in Example 5.6: (a) to reboiler step 
change; (b) to reflux step change. (These dynamic composition responses are 
obtained without sensor delays when the pressure and the distillate and bottoms 
accumulator levels are maintained constant.) 











product compositions—an important factor in subsequent control design as dis¬ 
cussed in Chapters 20 and 21. 
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This summary presents a small sample of the results available on distillation 
dynamics. They have been presented as general guidelines for the behavior of 
two-product distillation with simple thermodynamics (e.g., no azeotropes) and no 
chemical reaction. The reader is encouraged to refer to the citations and Additional 
Resources for further details. This distillation example will be considered in later 
chapters, where the control of the product compositions, through adjustments to 
such variables as the reboiler duty and reflux flow, will be investigated. 


Multiple 
Input-Multiple 
Output Systems 


5.7 □ MULTIPLE INPUT-MULTIPLE OUTPUT SYSTEMS 


Many, but not all, of the systems modelled in Chapters 3,4, and 5 have involved a 
single input and output. If intermediate variables existed, they could be eliminated 
using transfer functions and block diagram algebra to develop a single input-single 
output (SISO) equation. This approach helped to simplify our task of learning how 
to model dynamic responses and is applicable to some realistic processes. However, 
the majority of processes have several inputs, and process operation is concerned 
with more than one output simultaneously. For example, the nonisothermal chem¬ 
ical reactor in Section 3.6 has coolant flow and inlet concentration as inputs and 
reactor concentration and temperature as outputs. Also, the distillation tower in the 
previous section has distillate product flow, reboiler flow, and all feed properties 
and flow rate as inputs and concentration of both product streams as outputs. 

The methods described in the previous two chapters for developing fundamen¬ 
tal models—linearization, transfer functions, block diagrams—are all applicable 
to these multiple input-multiple output (MIMO) systems. Again, we see that many 
intermediate variables can exist in a process; in the distillation tower, the tray com¬ 
positions and holdups are intermediate variables. These intermediate variables are 
included in the fundamental model and eliminated algebraically from the linearized 
input-output relationship. 

EXAMPLE 5.5. 

Determine the dynamic response of the concentration in the CSTR with second- 
order reaction in Example 3.5 to step changes in the inlet concentration and the 
feed flow rate. The definitions of the changes are 

Feed concentration step: AC A o = 0.0925 mol/m 3 at t = 2 min 

Feed flow rate step: AF =-0.0085 m 3 /min at r = 7 min 

The effect of several input variables on a single output variable can be determined 
through the individual input-output models. The fundamental model for the reactant 
component material balance is repeated here: 



V^ = F(C a0 - C A ) - VkCl (5.68) 

at 

To clarify the linearity of the model, all constants are substituted in equation (5.68) 
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(2.1)=p = F(C ao - C A ) - (2.1)(0.040)C a 
at 

The model is nonlinear because of the product of variables and the concentra¬ 
tion terms. The model in equation (5.68) can be linearized for a change in the 
inlet concentration (with flow constant) or for a change in the feed flow (with inlet 
concentration constant), giving 

Tcao ^ + C' A — KcmC' A0 (5.69) 

r F ?£k + C' A = K F F' (5.70) 

at 

with 

tcA0 = F s + 2VkC As Kcao = W+2VkcZ 

V _ (C A 0s — Cas 

Xf ~ W s + 2V kCZ F ~ F s + 2VkC As 

These two models can be solved for step changes to give 

[C'aWIcao = AC ao F C ao( 1 - e-' l/rcA0 ) with /, = t - 2 > 0 (5.71) 

[Ca(01f = AFK f (1 - e~' 2/TF ) with t 2 = t - 7 > 0 (5.72) 

Note that the times from the steps are represented by different symbols (r, and t 2 ) 
because the two step changes are introduced at different times; also, the reactant 
concentration change is zero until t t > 0 or t 2 > 0 , respectively. The total change 
in reactor concentration of A is the sum of the changes due to inlet concentration 
and flow. 

C A (f) = Caj(0 + [c;(0]cao + [C(r)]f (5.73) 

For the data in Example 3.5, the following values can be determined: 

V as 2.1 m 3 F s = 0.085 m 3 /min k = 0.50 [(mole/m 3 )min]“ l 

C A oj = 0.925 mole/m 3 C As = 0.236 mole/m 3 r CA o = 3.62 min 

Kcao = 0.146 x F = 3.62 min K F = 1.19 (mol/m 3 )/(m 3 /min) 

The results from the linearized analysis in equations (5.71) to (5.73) are given 
in Figure 5.18. Clearly, the output concentration is the sum of two first-order step 
responses beginning at different times. This modelling approach can be extended 
to any number of input variables affecting an output. 




EXAMPLE 5.6. 

Sketch a block diagram showing the relationship between the input variables, 
reflux flow and reboiled vapor, and the output variable, light component mole 
fraction in the distillate and bottoms products. 

The data in Figure 5.16 show that both input variables affect both output vari¬ 
ables. Thus, each input has two transfer functions, one for each of the output 
variables. The sketch for this process is shown in Figure 5.19. A natural ques¬ 
tion is “How are the transfer functions determined?” In previous examples, the 


0.25 
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FIGURE 5.18 


Dynamic response of reactant concentration for a step increase in inlet 
concentration (t = 2) and step decrease in flow rate (/ = 7) in 

Example 5.5. 


fundamental model has been linearized and all intermediate variables eliminated 
by algebraic manipulations. However, the fundamental model for the distillation 
process is large, involving about 150 equations, so that the analytical procedure 
would be excessively time-consuming. Fortunately, the transfer functions can be 
determined experimentally from data very similar to Figure 5.16, and this empirical 
modelling procedure is explained in the next chapter. 


Conclusions 


FM r (s) 


VM 0 (s) 



FIGURE 5.19 


Block diagram for the linearized models 
for a two-product distillation process. 


5.8 □ CONCLUSIONS 

The results of this chapter clearly demonstrate that process structures have strong 
effects on dynamic behavior and that these effects can be predicted using the 
methods presented in the previous chapters. Many of the strongest results relate 
to the “long-time” behavior of the systems, because they are determined by the 
poles of the transfer function and are independent of the numerator zeros. These 
properties involve stability and the related tendency for over- or underdamped 
behavior. However, the numerators also play an important role in the dynamic 
response, as shown by the examples in the section on parallel structures. 

It is worth noting that each of these process structures is covered individually 
to clarify the analysis of their effects on dynamic behavior. Naturally, a process 
may contain several of these structures, all of which will influence its behavior. 
The study of complex processes is delayed until Parts V and VI, which address 
the control of multiple input-multiple output systems. 

Finally, in the last three chapters, dynamic responses of many processes to 
a step input have been shown to have a sigmoidal shape. This means that these 
processes could be approximated by adjusting parameters in a model of simple 
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structure. While this observation is not especially helpful for analytical modelling, 
it is very important for empirical modelling, which develops models based on 
experimental data. This is the topic of the next chapter. 
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The guidance before the questions in Chapters 3 and 4 is appropriate here as well. 
The key new issue introduced in this chapter and demonstrated in these questions is 
the effect of structure on the behavior of relatively simple individual elements. 


QUESTIONS 

5.1. A linearized model for a stirred-tank heat exchanger is derived in Example 
3.7 for a change in the coolant flow rate. Extend these results by deriv¬ 
ing the model for simultaneous changes in the coolant flow rate and inlet 
temperature. Also, determine an analytical expression for the outlet tem¬ 
perature T\t), for simultaneous step changes in the coolant flow and inlet 
temperature. (You may use all results from Example 3.7 without deriving.) 

5.2. The jacketed heat exchanger in Figure Q5.2 is to be modelled. The input 
variable is Tq, and the output variable is T. The inlet coolant temperature 
is constant. The following assumptions may be made: 

(1) Both vessels are well mixed. 

(2) Physical properties are constant. 

(3) Flows and volumes are constant. 
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Tray 2 


Tray 1 



*3 


M 


x 2 y\ 


M 


i 

*1 yo 



(a) 





V 


V 


(4) Q = UA(T - T c ) 

(5) The dynamic balances on both volumes must be solved simulta¬ 
neously. 

(a) Write the basic balances for both volumes in deviation variables. 

( b ) Take the Laplace transforms. 

(c) Combine into the transfer function T'{s)/ Tq(s). 

(i d ) Analyze this result to determine whether the dynamic behavior is (i) 
stable and (ii) periodic. Remember that these properties are defined by 
the denominator of the transfer function. 

( e ) The transfer function ignores initial conditions of the system. Briefly 
explain why the transfer function is useful—in other words, what prop¬ 
erties can be determined easily using the transfer function? 

5 . 3 . The continuous-time systems of two stages shown in Figure Q5.3 a and b 
are to be analyzed. Assumptions are the following: 

(1) Liquid holdups are constant = M. 

(2) Constant molal overflow; the liquid (L) and vapor (V) flows are 
constant. 

(3) The concentrations *3 (and x 2 in Figure Q5.3 b) are constant. 

(4) The accumulation in the vapor phase is negligible. 

(5) Equilibrium can be modelled as y, = Kxi for this binary system. 
The nature of the dynamic behavior is to be determined for the input-output 
*2(s)/yo(s)- 

(a) Derive the time-domain equations describing the dynamics of the con¬ 
centrations on the two trays, x[ ( t ) and x' 2 (t), to the input variable y' 0 (t), 
in deviation variables. 

( b ) Combine the results of (a) into the single transfer function xi (s)/yo(s). 

(c) Determine the nature of the response. Is it (i) stable, (ii) over- or un¬ 
derdamped? 

(d) Is the response of *2 to a step change in yo in Figure Q5.3a faster or 
slower than in the system in Figure Q53b (with the same parameter 
values and x 2 constant)? 

5 . 4 . The series of four chemical reactors are shown in Figure Q5.4. Each reactor 
is constant volume and constant temperature, and the flow rate is constant. 
The reaction is A -► B with the rate expression /*a — —kC a. The con¬ 
centration of component A in the last reactor is to be controlled, and the 
feed concentration of the inlet to the first reactor is a potential manipulated 
variable. 

(a) Derive the model (algebraic and differential equations) relating Cao 
tO Ca 4 - 

(b) Combine these equations into one input-output model that has only 
Cao and Ca 4 , with other relevant variables eliminated. (Hint: Taking 
the Laplace transform of the equations in deviation variables is a good 
approach.) 

(c) Based on the model in ( b ), determine 

(i) The order of the system 

(ii) The stability of the system 

(iii) The damping of the system 







(iv) The gain of the system 159 

(v) The shape of the response of Cm to a step in Cao 

(d) Based on your results in (c), does a causal relationship exist between Questions 

Cao and C A 4? 

(e) Based on your results in (d), is it possible to control Ca 4 by adjusting 
Cao? 



FIGURE Q5.4 

Series stirred-tank reactors. 


5.5. The recycle mixing system in Figure Q5.5 is to be considered. The feed 
flow is 1 unit, and the recycle flow is 9 units. The pipe has a dead time 
of 10 seconds, and the recycle has negligible dynamics. The system is 
initially at steady state with pure solvent entering as feed. At time = 0, the 
concentration of the feed increases to 10%A. Plot the concentration at the 
exit of the pipe from t = 0 to the new steady state. 


5.6. The chemical reactor without control of temperature or concentration in 
Figure Q5.6 is to be modelled and analyzed. The assumptions are as follows: 

(1) C P (C P = C v ), density, U A are constant. 

(2) Q = UA{T - r cin ) 

(3) F, T c , To, level are constant. 

(4) Disturbance is C A o(0- 

(5) Heat of reaction is significant. 

(6) Heat losses are insignificant. 

(7) System is initially at steady state. 

(8) Rate of reaction = 


-r A = k 0 e e/rt C a 


mole 

(m 3 )(min) 


(a) Derive the material and energy balances for this reactor. Carefully 
define the system, state all assumptions, and show all steps, especially 
in the energy balance. 


F = 



FIGURE Q5.5 



Cooling 


FIGURE Q5.6 
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(b) Linearize the equations about their steady-state values and express 
them in deviation variables. 

(c) Based on the linearized equations, state whether the system can ex¬ 
perience overdamped behavior, and state mathematical criteria as a 
basis for your decision. (Hint: Solve for the terms that affect the expo¬ 
nents of the dynamic response, and establish criteria for the qualitative 
characteristics.) 

{d) Repeat (c) for underdamped behavior. 

(e) Repeat (c) for unstable behavior. 

5.7. A single isothermal CSTR has the following elementary reactions. 

CaseI: A^B CaselLA&B 

*A‘ 


Only component A is in the feed stream, and its concentration, Cao> can 
change as the input to the system. Answer the following questions for both 
Cases I and II. 

(a) Derive the model describing the concentration of component B in the 
reactor. 

( b ) Which of the general system structures covered in this chapter de¬ 
scribes this system? 

(c) Determine whether the system can experience underdamped, over¬ 
damped, and unstable behavior for physically possible parameter 
values. 

id) Describe the response of this system to feed concentration step changes 
in Cao and determine which system would have a faster response. 

(e) Repeat all parts of this question, with the composition of A in the 
reactor being the output variable. 

5 . 8 . Figure 5.1 can be expanded to include more process systems and more 
inputs. 

(a) Include the following systems, with a sketch of a physical process: (1) 
1/(t s + l) 3 and (2) e~ 6s /{xs -f 1). 

(b) Include the following inputs for all systems: (1) ramp (Ct) and (2) 
pulse of finite duration. 

5 . 9 . The dynamic response of T& in the heat exchanger and stirred-tank sys¬ 
tem in Figure Q5.9 is to be determined for a step increase in the flow to 
the exchanger F ex , with the total coolant flow F c constant. (Assume that 
negligible transportation lag occurs in the pipes.) 

(a) Derive the models for both stirred tanks. 

( b ) Determine the individual transfer functions. 

(c) Derive the overall transfer function. 

(d) Which of the general system structures covered in this chapter de¬ 
scribes this system? 

(e) Explain the numerator zeros (if any) and poles in the system. 

(f) Describe the dynamic response of this system for the input step change 
in F cx . 



Questions 



5.10. The system of vessels in Figure Q5.10 has gas flowing through it, and Fo 
is independent of P\. 

(a) Assume that the flow through the restrictions is subsonic. 

(1) Derive linearized models for the pressure in each system. 

(2) Determine the transfer function for F 2 (s)/Fq(s). 

(3) Describe the response of this system to a step in Fq. 

(b) Repeat the analysis in part ( a ) for sonic flow through the restrictions. 



FIGURE Q5.10 


5.11. Answer the following questions. 

(a) Demonstrate that the dynamic behavior of a series of stable, first-order 
systems approaches the dynamic behavior of a dead time as the number 
of first-order systems becomes large, with r„ = x\/n. Determine the 
value of the dead time. 

( b ) For the reactor with recycle in Example 5.5, determine the value of the 
heat exchanger gain, Km, that would cause the system to be unsta¬ 
ble. Explain the expected dynamic response to an increase in the feed 
temperature. 

(c) Discuss the manual control of a series of noninteracting time constants, 
a parallel system with overshoot, and a parallel system with inverse 
response. What would be your thought process for feedback control? 
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( d ) What would be the order of the transfer function between the input 
FM d and the output X D for the distillation tower in Section 5.6? 

5.12. An autocatalytic system has a chemical reaction in which the product in¬ 
fluences the rate; such kinetics occur in biological systems. Consider the 
following system occurring in a constant-volume, isothermal, well-stirred 
reactor. 


A + B -> 2B + other products r A = £C a Cb 

(a) Formulate a dynamic model of the reactor to predict the concentration 
of B in the reactor. 

(ft) Determine the possible steady-state values for Cb when only A is 
present in the feed. (Hint: Two possible steady states exist.) 

(c) Under what conditions does the reactor go to each steady state? 

(d) Reformulate the model and answer all questions for the case in which 
the product is separated and some pure B is returned to the reactor as 
a recycle. What would be the advantage of this recycle? How would 
the recycle affect the gain and time constant of Cb in response to a 
change in C A o? 

5.13. For each of the systems in Figure Q5.13, demonstrate through a funda¬ 
mental model whether the system inventory is self-regulating or not for 
changes in flow in. In all cases, the flow in ( F m ) can change independent 
of the inventory in the vessel. 

(a) A heat exchanger in which the pure-component liquid entering at its 
boiling point in the vessel boils and the duty is proportional to the heat 
transfer area. 

( b ) A liquid-filled tank with a constant flow out. 

(c) A gas-filled system with a moving roof and a constant mass on the 
roof. The gas exits through a partially open restriction. 

(d) A gas-filled system with constant volume. The gas exits through a 
partially open restriction. 

5 . 14 . The stirred-tank mixing process in Figure Q5.14 is to be analyzed. The 
system has a single feed, two tanks, and a single product. All flow rates, 
along with the levels, are constant. Answer the following questions com¬ 
pletely. You may assume that (1) the tanks are well mixed, (2) the density 
is constant, and (3) transportation delays due to the pipes are negligible. 
For parts (a) through (c), F 3 = F 0 . 

(a) Derive the analytical model for the input-output system C A o and C A 2 
with all flows constant. 

(b) What is the general structure of the system in (a)? 

(c) What conclusions can be determined for the system in (a) regarding 
the stability, periodicity, and either overshoot or inverse response for 
a step input? 

{d) Determine the answers for ( a ) through (c) for (i) F 3 = 0 and (ii) F 3 = 
very large. 


5.15. The system in Figure Q5.15 has two stirred tanks; the first is a heat ex¬ 
changer, and the second is a CSTR. The product of the reactor exchanges 



(c) (d) 

FIGURE Q5.13 



V 2 

FIGURE Q5.14 


heat with the feed in the heat exchanger. A single, zeroth-order reaction of A 
-*■ products occurs in the second reactor with a heat of reaction (— AH n „). 

(a) Formulate a model of the system to predict the temperature response in 
both tanks to a change in the feed temperature with all flows constant, 
and linearize the model. Determine to which process structure category 
this process belongs. 

( b) Determine under what conditions the system would experience (i) pe¬ 
riodic behavior and (ii) unstable behavior. 

(c) Discuss your results and limitations in the model. 

[Hint: This system is simpler than Example 3.10, in that the coolant flow 
is constant; thus, U A = aF * is constant. It is more complex in that the 
energy balances for the two tanks must be solved simultaneously.] 



FIGURE Q5.15 


5.16. The recycle system in Figure Q5.16 has a well-mixed, isothermal, constant- 
volume reactor and subsequent separation unit, in which the unreacted 
feed is separated from the product and returned to the reactor. A single 
step change occurs in the reactor temperature, which can be considered a 
step in the rate constant of the first-order reaction. Model the system and 
determine and compare the dynamics for two operating methods. 
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FIGURE Q5.16 


(a) The flow F A is constant. 

(b) The flow F A r is constant. 

5.17. A tubular heat exchanger with plug flow in the tube has steam at a constant 
temperature on the shell side. The system is initially at steady state with 
no temperature driving force, and the steam is introduced in a step to the 
shell. 

(a) Determine the tube outlet temperature as a function of time. This will 
require analyzing a distributed-parameter model. 

(b) Formulate a lumped-parameter model that would give an approximate 
result for the tube outlet temperature. 


Transportation delay 



of volume, which has 
no transfer with 
well-mixed section 

FIGURE Q5.18 


5 . 18 . One way to account for imperfect mixing in a single stirred tank is to 
include commonly occurring nonidealities and fit parameters in a model 
to empirical data. For the nonideal model in Figure Q5.18, plot the shapes 
of the step and impulse responses for various values of the nonidealities. 
Could you fit an imperfect model using one of these sets of data? 

5 . 19 . Derive the models reported in Figures 5.2 and 5.3 for the electrical and 
mechanical systems. 

5 . 20 . From the principles in this chapter (and Appendix D), estimate the shape 
and t(, 3 % of the step change for the following systems: (a) Example 3.3, (b) 
Example 3.10, (c) Question 4.15, and (d) Question 4.18. 

5 . 21 . A nonisothermal CSTR with heat transfer is modelled in Section C-2 in 
Appendix C. For each of the following situations, describe the possible 
shapes of the dynamic response of the concentration, C A , to a step change 
in the coolant flow rate. There may be more than one per situation. Ex¬ 
plain your answers by discussing, for example, the interaction between the 
material and energy balances. 

(a) No chemical reaction, ko = 0 

( b ) Nonzero chemical reaction, but AH Txn = 0 

(c) General case with nonzero reaction and heat of reaction 
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6.1 □ INTRODUCTION 


To this point, we have been modelling processes using fundamental principles, 
and this approach has been very valuable in establishing relationships between 
parameters in physical systems and the transient behavior of the systems. Unfortu¬ 
nately, this approach has limitations, which generally result from the complexity 
of fundamental models. For example, a fundamental model of a distillation col¬ 
umn with 10 components and 50 trays would have on the order of 500 differential 
equations. In addition, the model would contain many parameters to character¬ 
ize the thermodynamic relationships (equilibrium K values), rate processes (heat 
transfer coefficients), and model nonidealities (tray efficiencies). Therefore, mod¬ 
elling most realistic processes requires a large engineering effort to formulate the 
equations, determine all parameter values, and solve the equations, usually through 
numerical methods. This effort is justified when very accurate predictions of dy¬ 
namic responses over a wide range of process operating conditions are needed. 

This chapter presents a very efficient alternative modelling method specifi¬ 
cally designed for process control, termed empirical identification. The models 
developed using this method provide the dynamic relationship between selected 
input and output variables. For example, the empirical model for the distillation 
column discussed previously could relate the reflux flow rate to the distillate com¬ 
position. In comparison to this simple empirical model, the fundamental model 
provides information on how all of the tray and product compositions and temper¬ 
atures depend on variables such as reflux. Thus, the empirical models described in 
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FIGURE 6.1 

Procedure for empirical transfer 
function model identification. 


1 



this chapter, while tailored to the specific needs of process control, do not provide 
enough information to satisfy all process design and analysis requirements and 
cannot replace fundamental models for all applications. 

In empirical model building, models are determined by making small changes 
in the input variable(s) about a nominal operating condition. The resulting dynamic 
response is used to determine the model. This general procedure is essentially an 
experimental linearization of the process that is valid for some region about the 
nominal conditions. As we shall see in later chapters, linear transfer function 
models developed using empirical methods are adequate for many process control 
designs and implementations. Because the analysis methods are not presented until 
later chapters, we cannot yet definitively evaluate the usefulness of the models, 
although we will see that they are quite useful. Thus, it is important to monitor 
the expected accuracy of the modelling methods in this chapter so that it can be 
considered in later chapters. As a rough guideline, the model parameters should 
be determined within ±20 percent, although much greater accuracy is required for 
a few multivariable control calculations. 

The empirical methods involve designed experiments, during which the pro¬ 
cess is perturbed to generate dynamic data. The success of the methods requires 
close adherence to principles of experimental design and model fitting, which are 
presented in the next section. In subsequent sections, two identification methods are 
presented. The first method is termed the process reaction curve and employs sim¬ 
ple, graphical procedures for model fitting. The second and more general method 
employs statistical principles for determining the parameters. Several examples 
are presented with each method. The final section reviews some advanced issues 
and other methods not presented in this chapter so that the reader will be able to 
select the most appropriate technology for model building. 

6.2 a AN EMPIRICAL MODEL BUILDING PROCEDURE 

Empirical model building should be undertaken using the six-step procedure shown 
in Figure 6.1. This procedure ensures that proper data is generated through careful 
experimental design and execution. Also, the procedure makes the best use of 
the data by thoroughly diagnosing and verifying results from the initial model 
parameter calculations. The schematic in Figure 6.1 highlights the fact that some a 
priori knowledge is required to plan the experiment and that the procedure can, and 
often does, require iteration, as shown by the dashed lines. At the completion of 
the procedure described in this section, an adequate model should be determined, 
or the engineer will at least know that a satisfactory model has not been identified 
and that further experimentation is required. 

Throughout this chapter several examples are presented. The first example 
is shown in Figure 6.2, which has two stirred tanks. The process model to be 
identified relates the valve opening in the heating oil line to the outlet temperature 
of the second tank. 

Experimental Design 


FIGURE 6.2 

Example process for empirical model 
identification. 


An important and often underestimated aspect of empirical modelling is the need 
for proper experimental design. Since every method requires some type of input 
perturbation, the design determines its shape and duration. It also determines the 










base operating conditions for the process, which essentially determine the con¬ 
ditions about which the process model is accurate. Finally, the magnitude of the 
input perturbation is determined. This magnitude must be small enough to ensure 
that the key safety and product quality limitations are observed. It is important to 
begin with a perturbation that is on the safe (small) side rather than cause a severe 
process disturbance. 

Clearly, the design requires a priori information about the process and its 
dynamic responses. This information is normally available from previous operating 
experience; if no prior information is available, some preliminary experiments must 
be performed. For the example in Figure 6.2, the time constants for each tank could 
be used to determine a first estimate for the response of the entire system. 

The result of this step is a complete plan for the test which should include 

1. A description of the base operating conditions 

2. A definition of the perturbations 

3. A definition of the variables to be measured, along with the measurement 
frequency 

4 . An estimate of the duration of the experiment 

Naturally, the plan should be reviewed with all operating personnel to ensure that 
it does not interfere with other plant activities. 

Plant Experiment 

The experiment should be executed as close to the plan as possible. While varia¬ 
tion in plant operation is inevitable, large disturbances during the experiment can 
invalidate the results; therefore, plant operation should be monitored during the 
experiment. Since the experiment is designed to establish the relationship between 
one input and output, changes in other inputs during the experiment could make 
the data unusable for identifying a dynamic model. This monitoring must be per¬ 
formed throughout the experiment, using measuring devices where available and 
using other sources of information, such as laboratory analysis, when process sen¬ 
sors are not available. For the example in Figure 6.2, variables such as the feed inlet 
temperature affect the outlet temperature of the second tank, and they should be 
monitored to ensure that they are approximately constant during the experiment. 

Determining Model Structure 

Currently, many methods are available to calculate the parameters in a model 
whose structure is set; however, few methods exist for determining the structure 
of a model (e.g., first- or second-order transfer function), based solely on the data. 
Typically, the engineer must assume a model structure and subsequently evaluate 
the assumption. The initial structure is selected based on prior knowledge of the 
unit operation, perhaps based on the structure of a fundamental model, and based 
on patterns in the experimental data just collected. The assumption is evaluated in 
the latter diagnostic step of this procedure. 

The goal is not to develop a model that exactly matches the experimental data. 
Rather, the goal is to develop a model that describes the input-output behavior of 
the process adequately for use in process control. 



178 


CHAPTER6 
Empirical Model 
Identification 


Empirical methods typically use low-order linear models with dead time. Often 
(but not always), first-order-with-dead-time models are adequate for process control 
analysis and design. 


At times, higher-order models are required, and advanced empirical methods are 
available for determining the model structure (Box and Jenkins, 1976). 

Parameter Estimation 

At this point a model structure has been selected and data has been collected. Two 
methods are presented in this chapter to determine values for the model parameters 
so that the model provides a good fit to the experimental data. One method uses 
a graphical technique; the other uses statistical principles. Both methods provide 
estimates for parameters in transfer function models, such as gain, time constant, 
and dead time in a first-order-with-dead-time model. The methods differ in the 
generality allowed in the model structure and experimental design. 

Diagnostic Evaluation 

Some evaluation is required before the model is used for control. The diagnostic 
level of evaluation determines how well the model fits the data used for parameter 
estimation. Generally, the diagnostic evaluation can use two approaches: (1) a 
comparison of the model prediction with the measured data and (2) a comparison 
of the results with any assumptions used in the estimation method. 

Verification 

The final check on the model is to verify it by comparison with additional data 
not used in the parameter estimation. Although this step is not always performed, 
it is worth comparing the model to data collected at another time to be sure that 
typical variation in plant operation does not significantly degrade model accuracy. 
The methods used in this step are the same as in the diagnostic evaluation step. 

It is appropriate to emphasize once again that the model developed by this 
procedure relates the input perturbation to the output response. The process mod¬ 
elled includes all equipment between the input and output; thus, the typical model 
includes the dynamics of valves and sensors as well as the process equipment. As 
we will see later, this is not a limitation; in fact, the empirical model provides the 
proper information for control analysis, because it includes the elements in the 
control loop. 

Finally, two conflicting objectives must always be balanced in performing 
this experimental procedure. The first objective is the maintenance of safe, smooth, 
and profitable plant operation, for which a small experimental input perturbation is 
desired. However, the second objective is the development of an accurate model for 
process control design that will be improved by a relatively large input perturbation. 
The proper experimental procedure must balance these two objectives by allowing 
a short-term disturbance so that the future plant operation is improved through 
good process control. 
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The process reaction curve is probably the most widely used method for identifying 
dynamic models. It is simple to perform, and although it is the least general method, 
it provides adequate models for many applications. First, the method is explained 
and demonstrated through an example. Then it is critically evaluated, with strong 
and weak points noted. 

The process reaction curve method involves the following four actions: 


The Process Reaction 
Curve 


1. Allow the process to reach steady state. 

2. Introduce a single step change in the input variable. 

3. Collect input and output response data until the process again reaches steady 
state. 

4 . Perform the graphical process reaction curve calculadons. 


The graphical calculations determine the parameters for a first-order-with- 
dead-time model: the process reaction curve is restricted to this model. The form 
of the model is as follows, with X (s) denoting the input and Y(s) denoting the 
output, both expressed in deviation variables: 


Y(s) = K p e~ 0s 
X(s) rs + 1 


( 6 . 1 ) 


There are two slightly different graphical techniques in common use, and both 
are explained in this section. The first technique. Method I, adapted from Ziegler 
and Nichols (1942), uses the graphical calculations shown in Figure 6.3 for the 
stirred-tank process in Figure 6.2. The intermediate values determined from the 



Process reaction curve, Method I. 
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graph are the magnitude of the input change, 5; the magnitude of the steady-state 
change in the output. A; and the maximum slope of the output-versus-time plot, 5. 
The values from the plot can be related to the model parameters according to the 
following relationships for a first-order-with-dead-time model. The general model 
for a step in the input with t > 6 is 

Y'(t) = K P S[ 1 - e- (, ~ d)/T ] (6.2) 

The slope for this response at any time t > 6 can be determined to be 

^ {/^[l - *-<'- 0 >/ T ]} = (6 . 3) 

ul at T 

The maximum slope occurs at t = 0, so S = A/r. Thus, the model parameters 
can be calculated as 


K P = A/5 
r = A/S 

9 = intercept of maximum slope with initial value 
(as shown in Figure 6.3) 


(6.4) 


A second technique, Method II, uses the graphical calculations shown in Fig¬ 
ure 6.4. The intermediate values determined from the graph are the magnitude of 
the input change, 5; the magnitude of the steady-state change in the output, A; 
and the times at which the output reaches 28 and 63 percent of its final value. 
The values from the plot can be related to the model parameters using the general 
expression in equation (6.2). Any two values of time can be selected to determine 
the unknown parameters, 6 and r. The typical times are selected where the tran¬ 
sient response is changing rapidly so that the model parameters can be accurately 
determined in spite of measurement noise (Smith, 1972). The expressions are 

T(0 + r) = A(1 - e~ x ) = 0.632A 

1A (6.5) 

Y{9 + r/3) = A(1 - <T 1/3 ) = 0.283A 
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FIGURE 6.4 

Process reaction curve. Method II. 
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Thus, the values of time at which the output reaches 28.3 and 63.2 percent of its 
final value are used to calculate the model parameters. 

r 

*28% = 0 + — *63% = 0 + X 

3 ( 6 . 6 ) 


r = 1.5(43% — *28%) 0 = *63% — 7 


Ideally, both techniques should give representative models; however, Method 
I requires the engineer to find a slope (i.e., a derivative) of a measured signal. 
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Because of the difficulty in evaluating the slope, especially when the signal has high- 
frequency noise, Method I typically has larger errors in the parameter estimates; thus. 
Method II is preferred. 


EXAMPLE 6.1. 

The process reaction experiments have been performed on the stirred-tank system 
in Figure 6.2 and the data is given in Figures 6.3 and 6.4 for Methods I and II, 
respectively. Determine the parameters for the first-order-with-dead-time model. 

Solution. The graphical calculations are shown in Figure 6.3 for Method I, and 
the calculations are summarized as 

S = 5.0% open 
A = 13.1°C 

K P = A/<5 = (13.1°C)/(5% open) = 2.6°C/% open 
S = 1.40°C/ min 

r = A /S = (13.1 °C)/( 1.40°C/min) = 9.36 min 
9 = 3.3 min 



The graphical results are shown in Figure 6.4 for Method II, and the calculations 
are summarized below. Note that the calculations for K P , A, and <5 are the same 
and thus not repeated. Also, time is measured from the input step change. 

0.63A = 8.3°C 43 % — 9.7 min 

0.28A = 3.7°C t 2 8<* = 5.7 min 

r = 1 . 5 ( 43 % - * 28 %) = 1.5(9.7 - 5.7) min = 6.0 min 
0 = 43 % - r = (9.7 - 6.0) min = 3.7 min 


Further details for the process reaction curve method are summarized below with 
respect to the six-step empirical procedure. 

Experimental Design 

The calculation procedure is based on a perfect step change in the input as demon¬ 
strated in equation (6.2). The input can normally be changed in a step when it is a 
manipulated variable, such as valve percent open; however, some control designs 
will require models for inputs such as feed composition, which cannot be manip¬ 
ulated in a step, if at all. The sensitivity of the model results to deviations from a 
perfect input step are shown in Figure 6.5 for an example in which the true plant 
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Sensitivity of process reaction curve to an imperfect step input, true 
process 0/(0 + r) = 0.33. 


had a dead time of 0.5 and a process time constant (r pro cess) of 1 .0. The step change 
was introduced through a first-order system with a time constant (Tj np ut) that varied 
from 0.0 (i.e., a perfect step) to 1.0. This case study demonstrates that very small 
deviations from a perfect step input are acceptable but that large deviations lead 
to significant model parameter errors, especially in the dead time. 

In addition to the input shape, the input magnitude is also important. As 
previously noted, the accuracy of the model depends on the magnitude of the 
input step change. The output change cannot be too small, because of noise in 
the measured output, which is caused by many small process disturbances and 
sensor nonidealities. The output signal is the magnitude of the change in the output 
variable. Naturally, the larger the input step, the more accurate the modelling results 
but the larger the disturbance to the process. 


A rough guideline for the process reaction curve is that the signal-to-noise ratio 
should be at least 5. 


The noise level can be estimated as the variation experienced by the output 
variable when all measured inputs are constant. For example, if an output temper¬ 
ature varies ±1°C due to noise, the input magnitude should be large enough to 
cause an output change A of at least 5°C. 

Finally, the duration of the experiment is set by the requirement of achieving 
a final steady state after the input step. Thus, the experiment would be expected 
to last at least a time equal to the dead time plus four time constants, 6 + 4r. 
In the stirred-tank example, the duration of the experiment could be estimated 
from the time constants of the two tanks, plus some time for the heat exchanger 





and sensor dynamics. If the data is not recorded continuously, it should be col¬ 
lected frequently enough for the graphical analysis; 40 or more points would be 
preferable, depending on the amount of high-frequency noise. 

Plant Experiment 

Since model errors can be large if another, perhaps unmeasured, input variable 
changes, experiments should be designed to identify whether disturbances have 
occurred. One way to do this is to ensure that the final condition of the manipulated 
input variable is the same as the initial condition, which naturally requires more 
than one step change. Then, if the output variable also returns to its initial condition, 
one can reasonably assume that no long-term disturbance has occurred, although 
a transient disturbance could take place and not be identified by this checking 
method. If the final value of the output variable is significantly different from its 
initial value, the entire experiment is questionable and should be repeated. This 
situation is discussed further in Example 6.3. 
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Diagnostic Evaluation 

The basic technique for evaluating results of the process reaction curve is to plot the 
data and the model predictions on the same graph. Visual comparison can be used 
to determine whether the model provides a good fit to the data used in calculating 
its parameters. This procedure has been applied to Example 6.1 using the results 
from Method II, and the comparison is shown in Figure 6.6. Since the data and 
model do not differ by more than about 0.5°C throughout the transient, the model 
would normally be accepted for most control analyses. 

Most of the control analysis methods presented in later parts of the book require 
linear models, and information on strong nonlinearities would be a valuable result 



Comparison of measured and predicted outputs. 
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Time 

FIGURE 6.7 

Example of experimental design to evaluate the linearity of a 
process. 

of empirical model identification. The linearity can be evaluated by comparing 
the model parameters determined from experiments of various magnitudes and 
directions, as shown in Figure 6.7. If the model parameters are similar, the process 
is nearly linear over the range investigated. If the parameters are very different, 
the process is highly nonlinear, and control methods described in Chapter 16 may 
have to be applied. 

Verification 

If additional data is collected that is not used to calculate the model parameters, it 
can be compared with the model using the same techniques as in the diagnostic step. 

EXAMPLE 6.2. 

A more realistic set of data for the two stirred-tank heating process is given in 
Figure 6.8. This data has noise, which could be due to imperfect mixing, sensor 
noise, and variation in other input variables. The application of the process reaction 
curve requires some judgment. The reader should perform both methods on the 
data and note the difficulty in Method I. Typical results for the methods are given 
in the following table, but the reader can expect to obtain slightly different values 
due to the noise. 


Method I Method 


K p 2.6 2.6 °C/%open 

6 2.4 3.7 min 

r 10.8 5.9 min 
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FIGURE 6.8 


Process reaction curve for Example 6.2. 
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FIGURE 6.9 


Experiment data for process reaction curve when input is returned to its 

initial condition. 


EXAMPLE 6.3. 

Data for two step changes is given in Figure 6.9. Determine a dynamic model 
using the process reaction curve method. 

Note that there is no difference between the initial and final values of the 
input valve opening. However, the output temperature does not return to its initial 
value. This is due to some nonideality in the experiment, such as an unmeasured 
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disturbance or a sticky valve that did not move as expected. Naturally, the output 
variable will not return to exactly the same value, but the difference between the 
initial and final values in this example seems suspiciously large, because 4°C is 
50 percent of the temperature change occurring during the experiment. Therefore, 
this data should not be used, and the experiment should be repeated. 


EXAMPLE 6.4. 

A fundamental model for a tank mixing process similar to Figure 6.10a will be 
developed in Chapter 7, where the time constant of each tank is shown to be 
volume/volumetric flow rate ( V/F). Determine approximate models for this process 
at three flow rates of stream B given below when each tank volume is 35 m 3 . 

This example demonstrates the usefulness of the insight provided from funda¬ 
mental modelling, even though a simplified model is determined empirically. The 
process reaction curve experiment was performed for this process at the three flow 




FIGURE 6.10 


(' b) 


For Example 6.4: (a) Three-tank mixing process; (b) process reaction 
curve for base case. 



rates, all at a base exit concentration of 3 percent A, and the results at the base 
case flow are shown in Figure 6.10b. The results are summarized in the following 
table. 
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Flow 

(m 3 /min) 

Simplified 


Fundamental 

K P 

(% A/% open) 

9 

(min) 

T 

(min) 

9 + T 

(min) 

w £*«• 

(min) 

5.1 

0.055 

7.6 

14.5 

22.1 

20.7 

7.0 

0.04 

5.5 

10.5 

16.0 

15.0 •<- base case 


0.036 






The fundamental model demonstrates that the time constants (r = V/F) 
depend on the flow rate, decreasing as the flow increases. This trend is confirmed 
in the simplified model as well. Also, the approximate relationship for systems of 
noninteracting time constants in series, equation (5.41 b), that the sum of the dead 
times plus time constants is unchanged by model simplification, is rather good for 
this process. 


The most important characteristics of the process reaction curve method are 
summarized in Table 6.1. The major advantages of the process reaction curve 
method are its simplicity and short experimental duration, which result in its fre¬ 
quent application for simple control models. 


TABLE 6.1 

Summary of the process reaction curve 

Characteristic Process reaction curve 


Input magnitude 

Experiment duration 

Input change 
Model structure 

Accuracy with unmeasured disturbances 


Large enough to give an output signal-to-noise ratio 
greater than 5 

The process should reach steady state; thus the 
duration is at least 6 + 4r 
A nearly perfect step change is required 
The model is restricted to first-order with dead time; 
this model structure is adequate for processes having 
overdamped, monotonic step responses 
Accuracy can be strongly affected (degraded) by 
significant disturbances 

Plot model versus data; return input to initial value 
Simple hand and graphical calculations 


Diagnostics 

Calculations 
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6.4 n STATISTICAL MODEL IDENTIFICATION 

The previously described graphical method had two major limitations: a first-order- 
with-dead-time model and a perfect step input. Statistical model identification 
methods provide more flexible approaches to identification that relax these limits 
to model structure and experimental design. In addition, the statistical method 
uses all data and not just a few points from the response, which should provide 
better parameter estimates from noisy process data. A simple version of statistical 
model fitting is presented here to introduce the concept and provide another useful 
identification method. The same six-step procedure described in Section 6.2 is 
used with this method. 

The statistical method introduced here involves the following three actions: 


1. Introduce a perturbation (or sequence of perturbations) in the input variable. 
There is no restriction on the shape of the perturbation, but the effect on the 
output must be large enough to enable a model to be identified. 

2. Collect input and output response data. It is not necessary that the process regai n 
steady state at the end of the experiment. 

3. Calculate the model parameters as described in the subsequent paragraphs. 


The statistical method described in this section uses a regression method to fit 
the experimental data, and the closed-form solution method requires an algebraic 
equation with unknown parameters. Thus, the transfer function model must be 
converted into an algebraic model that relates the current value of the output to 
past values of the input and output. There are several methods for performing this 
transform; the most accurate and general for linear systems involves z-transforms, 
which serve a similar purpose for discrete systems as Laplace transforms serve 
for continuous systems (see Appendix L). The method used here is much simpler 
and is adequate for demonstrating the statistical identification method and fitting 
models of simple structure, such as first-order with dead time (see Appendix F). 

The first-order-with-dead-time model can be written in the time domain ac¬ 
cording to the equation 

+ y '(0 = ~ e ) (6.7) 

at 

Again, the prime denotes deviation from the initial steady-state value. This differ¬ 
ential equation can be integrated from time f, to f, + At assuming that the input 
X'(t) is constant over this period. Note that the dead time is represented by an 
integer number of sample delays (i.e., T = 9/At). The resulting equation is 

T /+1 = e~ A,/r Y! + K p ( 1 - <r A ' /T )X;_ r . (6.8) 

In further equations the notation is simplified according to the equation 

Y{ +1 = aY[ + bX-_ r (6.9) 

The challenge is to determine the parameters a, b, and T that provide the best 
model for the data. Then the model parameters K p , r, and 9 can be calculated. 

The procedure used involves linear regression, which is briefly explained here 
and is thoroughly presented in many references (e.g.. Box et al., 1978). Assume 
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addressed later in the method). Typical data from the process experiment is given 

in Table 6.2; note that the measurements are provided at equispaced intervals. Statistical Model 

Since we want to fit an algebraic equation of the form in equation (6.9), the data Identification 

must be arranged to conform to the equation. This is done in Table 6.2, where 

for every measured value of (F/ +1 ) m the corresponding measured values of (Y[) m 

and (X\_ r ) m are provided on the same line. Using the model it is also possible 

to predict the output variable at any time, with (Y i+ \) p representing the predicted 

value, using the appropriate measured variables. 

(Y! +l ) p =a(Y!) m +b(X' i _ r ),„ (6.10) 

Note that the subscript m indicates a measured value, and the subscript p 
indicates a predicted output value. The “best” model parameters a and b would 
provide an accurate prediction of the output at each time; thus, the goal is to 
calculate the values of the parameters a and b so that (Yj +i ) m and (Yj +l ) p are as 
nearly equal as possible. The common technique for determining the parameters 
is to apply the least squares method, which minimizes the sum of error squared 
between the measured and predicted values over all samples, / = T + 1 to n. The 
error can be expressed as follows: 

n rt n 

E £ ?= E [(ij«).-(i; l ),f= E [«?+,>- - 

i=r+i «=r+i /=r+i 

( 6 . 11 ) 

The minimization of this term requires that the derivatives of the sum of error 


TABLE 6.2 


Data for statistical model identification 


Data in original format as collected 
in experiment 

Data in restructured format for regression model 
fitting, first-order-with-dead-time model with 
dead time of two sample periods 

Time t 

Input, X 

Output, Y 

Sample 
no. i 

z vector in 
equation 
(6.16) 

Output, y; +1 

U matrix in equation (6.16) 

X' = X - X s with X s = 50 

Y' = Y -Y s with Y s = 75 

Delayed 

Output, y; input, x;_ 2 

0 

50 

75 

1 




0.2 

50 

75 

2 




0.4 

52 

75 

3 

0 

0 

0 

0.6 

52 

75 

4 

0.05 

0 

0 

0.8 

52 

75.05 

5 

0.1 

0.05 

2 

1.0 

52 

75.1 

6 

0.3 

0.1 

2 

1.2 

52 

75.3 

7 

0.6 

0.3 

2 

1.4 

52 

75.6 

8 

0.7 

0.6 

2 

1.6 

52 

75.7 






Table continued for duration of experiment 
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squares with respect to the parameters are zero. 


_a_ 

da 


E B ! 

L/=r+i J 


= -2 E (y/)» [ClV+,)« - - W_ r )*] = 0 

r=r+l 


( 6 . 12 ) 


_ 9 _ 


E Ej = -2 2 (x;_ r ) m [(y/ + i) m - a(y/) m - &(*;_ r ) m ] = o 

L/=r+i J /=r+i 

(6.13) 

Equations (6.12) and (6.13) are linear in the two unknowns a and b, as is perhaps 
more easily recognized when the equations are rearranged as follows: 


« E E ( y /)m(^-r)m = E ( 6 - 14 > 

i=r+i /=r+i i=r+i 

a £ (l7),(Xj. r ).+» Y, (X,L r )2, - t <*!-r)-O hi)« (6-15) 


;=r+i 


/=r+i 


i=r+i 


The values of the unknowns can be determined using various methods for solving 
linear equations (Anton, 1987); however, a more convenient approach is to use a 
computer program that is designed to solve the least squares problem. With these 
programs, the engineer simply enters the data in the form of Table 6.2, and the 
program automatically sets up and solves equations (6.14) and (6.15) fora and b. 

These programs are designed to solve the least squares method by matrix 
methods. The measured values for this problem can be entered into the following 
matrices: 


i_ 

*3-r ’ 


" y r 

v f 

x;_ r 


y 5 

I 


z = 

\ 

Y f 

L/h-1 



_1 


(6.16) 


The least squares solution for the parameters can be shown to be (Graupe, 1972) 


= (U T U) _1 U T z (6.17) 

b 


Many computer programs exist for solving linear least squares, and simple problems 
can be solved easily using a spreadsheet program with a linear regression option. 


Given this method for determining the coefficients a and b, it is necessary to return 
to the assumption that the dead time, T = 6/At, is known. To determine the dead 
time accurately, it is necessary to solve the least squares problem in equations 
(6.14) and (6.15) for several values of T, with the value of T giving the lowest 
sum of error squared (more properly, the sum of error squared divided by the 
number of degrees of freedom, which is equal to the number of data points minus 
the number of parameters fitted) being the best estimate of the dead time. This 
approach, which is essentially a search in one direction, is required because the 
variable f is discrete (i.e., it takes only integer values), so that it is not possible 




to determine the analytical derivative of the sum of errors squared with respect 
to dead time. Caution should be used, because the relationship between the dead 
time and sum of errors squared may not be monotonic; if more than one minimum 
exists, the dead time resulting in the smallest sum of errors squared should be 
selected. 

The statistical method presented in this section, minimizing the sum of er¬ 
rors squared, is an intuitively appealing approach to finding the best values of 
the parameters. However, it depends on assumptions that, if violated significantly, 
could lead to erroneous estimates of the parameters. These assumptions are com¬ 
pletely described in statistics textbooks (Box et al., 1978). The most important 
assumptions are the following: 

1. The error £,• is an independent random variable with zero mean. 

2. The model structure reasonably represents the true process dynamics. 

3. The parameters a and b do not change significantly during the experiment. 

The following assumptions are also made in the least squares method; how¬ 
ever, the model accuracy is not as strongly affected when they are slightly violated: 

4. The variance of the error is constant. 

5. The input variable is known without error. 

When all assumptions are valid, the least squares assumption will yield good 
estimates of the parameters. Note that the experimental and diagnostic methods 
are designed to ensure that the assumptions are satisfied. 

EXAMPLE 6.5. 

Determine the parameters for a first-order-with-dead-time model for the stirred- 
tank example data in Figure 6.3. 

The data must be sampled at equispaced periods, which were chosen to be 
0.333 minutes for this example. Since the data arrays are very long, they are not 
reported. The data was organized as shown in Table 6.2. Several different values 
of the dead time were assumed, and the regression was performed for each. The 
results are summarized in the following table. 


Dead time, r 

a 

b 


7 

0.964 

0.101 

7.52 

8 

0.9605 

0.108 

6.33 

9 

0.9578 

0.1143 

5.86 (minimum) 



0.1196 



The dead time is selected to be the value that gives the smallest sum of errors 
squared; thus, the estimated dead time is 3 minutes, 6 = (O(Ar) = 9(0.333). The 
other model parameters can be calculated from the regression results. 

r = —Af/(lna) = —0.333/(—0.0431) = 7.7 min 
K p = b/(l - a) = 0. 1 143/(1 - 0.9578) = 2.7°C/%open 




192 The comments in Section 6.3 regarding the process reaction curve and the 

six-step procedure are also relevant for this statistical method. Some additional 
chapter 6 comments specific to the statistical method are given here. 

Empirical Model 
Identification 

Experimental Design 

The input change can have a general shape (i.e., a step is not required), although 
Example 6.5 demonstrates that the statistical method works for step inputs. This 
generality is very important, because it is sometimes necessary to build models for 
inputs that are not directly manipulated, such as measured disturbance variables. 

Sufficient input changes are required to provide enough information to over¬ 
come random noise in the measurement. Also, the data selected from the transient 
for use in the least squares determines which aspects of the dynamic response are 
fitted best. For example, if the duration of the experiment is too short, the method 
will provide a good fit for the initial part of the transient, but not necessarily for 
the steady-state gain. For this method with one or a few input changes, the in¬ 
put changes should be large enough and of long enough duration that the output 
variable reaches at least 63 percent of its final value. Note that more sophisticated 
experimental design methods (beyond the treatment in this book) are available that 
require much smaller output variation at the expense of longer experiment duration 
(Box and Jenkins, 1976). 

Finally, the dead time cannot be determined with accuracy greater than the 
data collection sample period At. Thus, this period must be small enough to satisfy 
control system design requirements explained in later parts of the book. For now, 
a rough guideline can be used that At should be less than 5 percent of the sum of 
the dead time plus time constant. 

Plank Experimentation 

The input variable must be measured without significant noise. If this is not the 
case, more sophisticated statistical methods must be used. 


Model Structure 

Equations have been derived for a first-order model in this chapter. Other models 
could be derived in the same manner. The simplest model structure that provides 
an adequate fit should be selected. 



Diagnostic Procedure 

One of the assumptions was that the error—the deviation between the model predic¬ 
tion and the measurement—is a random variable. The errors, sometimes referred to 
as the residuals, can be plotted against time to determine whether any unexpected, 
large correlation in time exists. This is done for the results of the following example. 

EXAMPLE 6.6. 

Data has been collected for the same stirred-tank system analyzed in Example 
6.2; however, the data in this example contains noise, as shown in Figure 6.8. 
Determine the model parameters using the statistical identification method. 
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FIGURE 6.11 


Comparison of measured and predicted output values from Example 6.6. 


Statistical Model 
Identification 


The procedure for this data set is the same as used in Example 6.5. No judg¬ 
ment is required in fitting slopes or smoothing curves as was required with the 
process reaction curve method. The results are as follows, plotted in Figure 6.11: 

At = 0.33 min T = 11 a = 0.9384 b = 0.2578 

6 = 3.66 min r = 5.2 min K p = 2.56°C/% open 

Note that the model parameters are similar to the Method II results without noise, 
but that a slightly different value is determined for the dead time. The graphical 
comparison indicates a good fit to the experimental data. 

Further diagnostic analysis is possible by plotting the residuals to determine 
whether they are nearly random. This is done on Figure 6.12. The plot shows little 
correlation; note that some correlation is expected, because the simple model 
structure selected will not often provide the best possible fit to a set of data. Since 
the errors are only slightly correlated and small, the model structure and dead time 
are judged to be valid. 


EXAMPLE 6.7. 

The dynamic data in Figure 6.13 was collected, showing the relationship between 
the inlet and outlet temperatures of the stirred tanks in Figure 6.2. Naturally, this 
data would require an additional sensor for the inlet temperature to the first tank. 
When this data was collected, the heating valve position and all other input vari¬ 
ables were constant. Note that the input change was not even approximately a 
step, because the temperature depends on the operation of upstream units. De¬ 
termine the parameters for a first-order-with-dead-time model. 

Again, the statistical procedure was used. The results are as follows: 

r = 11 a = 0.9228 b = 0.0760 



6 — 3.66 min r = 4.2 min K p = 0.98°C/°C 
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Time 


FIGURE 6.12 

Plot of residuals between measured and predicted outputs from 
Example 6.6. 



u 


1 

i- 

<5 


FIGURE 6.13 

Experimental data and model prediction for an input that is not a perfect 
step, analyzed in Example 6.7. 


The model is compared with the data in Figure 6.13. The dynamic response is 
somewhat faster than the previous response, as might be expected because this 
model does not include the heat exchanger dynamics. The data in this example 
could not be analyzed using the graphical process reaction curve method because 





the input deviates substantially from a perfect step. However, the statistical method 
provided good parameter estimates from this data. 




The linear regression identification method for a first-order-with-dead-time 
model is more general than the process reaction curve and can be used to fit 
important industrial processes. However, it also has limitations. Although it is 
easier to use and yields more accurate parameter values when the data has noise, 
it gives erroneous results when the noise is too large compared with the output 
change caused by the experiment—the same trend as with the process reaction 
curve. 
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EXAMPLE 6.8. 

Figure 6.14 gives data recorded when a very small input change is introduced into 
the valve opening in the stirred tank system in Figure 6.2. The statistical method 
can be used, but the results (r = 0.6 min, 6 = 3.66 min, and K p = 2.3° C/%open) 
deviate from the previously reported, more accurate results obtained with larger 
input disturbances. Clearly, a model from such a small input change is not reliable. 







In addition, the simple statistical method used here is susceptible to unmea¬ 
sured disturbances. The experimental design shown in Figure 6.9 is recommended 
to identify such disturbances. The statistical identification method described in 
this section is summarized in Table 6.3. 



Time 

FIGURE 6.14 

Example of empirical identification with an input perturbation that is 

too small. 
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Summary of the statistical identification method 


Characteristic Statistical identification 


Input If the input change approximates a step, the pro¬ 

cess output should deviate at least 63% of the 
potential steady-state change. 

Experiment duration The process does not have to reach steady state. 

Input change No requirement regarding the shape of the input. 

Model structure Model structures other than first-order-with- 

dead-time are possible, although the equations 
given here are restricted to first-order-with- 
dead-time. 

Accuracy with Accuracy is strongly affected by significant 

unmeasured disturbances disturbances. 

Diagnostics Plot model versus data, and plot residuals versus 

time. 

Calculations Calculations can be easily performed with a 

spread sheet or special-purpose statistical 
computer program. 


6.5 0 ADDITIONAL TOPICS IN IDENTIFICATION 

Some additional topics in identification are addressed in this section. The topics 
relate to both the process reaction curve method and the statistical method, unless 
otherwise noted. 

Other Model Structures 

The methods presented here provide satisfactory models for processes that give 
smooth, sigmoidal-shaped responses to a step input. Most, but not all, processes 
are in this category. More complex model structures are required for the higher- 
order, underdamped, and inverse response systems. Graphical methods are avail¬ 
able for second-order systems undergoing step changes (Graupe, 1972); however, 
the methods seem useful only when the output data has little noise, since they 
appear sensitive to noise. 

Many advanced statistical methods are available for more complex model 
structures (Cryor, 1986; Box and Jenkins, 1976). The general concept is unchanged, 
but the major difference from the method demonstrated in this chapter is that the 
least squares equations, similar to equations (6.14) and (6.15), cannot be arranged 
into a set of linear equations in variables uniquely related to the model parameters; 
therefore, a nonlinear optimization method is required for calculating the param¬ 
eters. Also, confidence intervals provide useful diagnostic information. Again, 
the engineer must assume a model structure and employ diagnostics to determine 
whether the assumed structure is adequate. 


Multiple Variables 

Sometimes models are desired between an input and several outputs. For example, 
we may need the transfer function models between the reflux and the distillate and 
bottoms product compositions of a distillation column. These models could be 
determined from one set of experimental data in which the reflux flow is perturbed 
and both compositions are recorded, as shown in Figure 5.17/?. Then each model 
would be evaluated individually using the appropriate method, such as the process 
reaction curve. 



Additional Topics in 
Identification 


Operating Conditions 

The operating conditions for the experiment should be as close as possible to the 
normal operation of the process when the control system, designed using the model, 
is in operation. This is only natural, because significant deviation could introduce 
error into the model and reduce the effectiveness of the control. For example, the 
dynamic response of the stirred-tank process in Figure 6.2 depends on the feed 
flow rate, as we would determine from a fundamental model. If the feed flow rate 
changes from the conditions under which the identification is performed, the linear 
transfer function model will be in error. 

An associated issue relates to the status of the control system when the exper¬ 
iment is performed. A full discussion of this topic is premature here; however, the 
reader should appreciate that the process, including associated control strategies, 
must respond during the experiment as it would during normal operation. This 
topic is covered as appropriate in later chapters. 

Frequency Response 

As an alternative identification method, the frequency response of some physical 
systems, such as electrical circuits, can be determined experimentally by intro¬ 
ducing input sine waves at several frequencies. Models can then be determined 
from the amplitude and phase angle relationships as a function of frequency. This 
method is not appropriate for complex chemical processes, because of the extreme 
disturbances caused over long durations, although it has been demonstrated on 
some unit operations (Harriott, 1964). 

As a more practical manner for using the amplitude and phase relationships, 
the process frequency response can be constructed from a single input perturbation 
using Fourier analysis (Hougen, 1964). This method has some of the advantages 
of the statistical method (for example, it allows inputs of general shape), but the 
statistical methods are generally preferred. 

Identification Under Control 

The empirical methods presented in this chapter are for input-output relation¬ 
ships without control. After covering Part I on feedback control, you may wonder 
whether the process model can be identified when being controlled. The answer 
is yes, but only under specific conditions, as explained by Box and MacGregor 
(1976). 
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Transfer function models of most chemical processes can be identified empirically 
using the methods described in this chapter. The general, six-step experimental 
procedure should be employed, regardless of the calculation method used. 


It is again worth emphasizing that the vast majority of control strategies are based on 
empirical models; thus, the methods in this chapter are of great practical importance. 


Model Error 

Model errors result from measurement noise, unmeasured disturbances, imperfect 
input adjustments, and applying simple linear models to truly nonlinear processes. 
The examples in this chapter give realistic results, which indicate that model pa¬ 
rameters are known only within ±20 percent at best for many processes. However, 
these models appear to capture the dominant dynamic behavior. Engineers must al¬ 
ways consider the sensitivity of their decisions and calculations to expected model 
errors to ensure good performance of their designs. We will investigate the ef¬ 
fects of model errors in later chapters and will learn that moderate errors do not 
substantially degrade the performance of single-loop controllers. A summary of a 
few sensitivity studies, which are helpful when reviewing modelling and control 
design, are given in Table 6.4. 


TABLE 6.4 

Summary of sensitivity of control stability and performance to 
modelling errors 


Case 


Issue studied 


Example 9.2 

Example 9.5 

Example 10.15 

Example 10.18 

Figure 13.16 and discussion 


The effect on performance of using controller 
tuning parameters based on an empirical model 
that is lower-order than the true process 
The effect on performance of using controller 
tuning parameters based on an empirical model 
that is substantially different from the true 
process 

The effect of modelling error on the stability of 
feedback control, showing the change of model 
parameters likely to lead to significant differ¬ 
ences in dynamic behavior 
The effect of modelling error on the stability of 
feedback control, showing the critical frequency 
range of importance 

The effect of modelling error on the perfor¬ 
mance of feedback control, showing the 
frequency range of importance 



Experimental Design 

The design of the experimental conditions, especially the input perturbation, has a 
great effect on the success of empirical model identification. The perturbation must 
be large enough, compared with other effects on the output, to allow accurate model 
parameter estimation. Naturally, this requirement is in conflict with the desire to 
minimize process disturbances, and some compromise is required. Model accuracy 
depends strongly on the experimental procedure, and no amount of analysis can 
compensate for a very poor experiment. 

Six-Step Procedure 

Empirical model identification is an iterative procedure that may involve several 
experiments and potential model structures before a satisfactory model has been 
determined. The procedure in Figure 6.1 clearly demonstrates the requirement 
for a priori information about the process to design the experiment. Since this 
information may be inexact, the experimental procedure may have to be repeated, 
perhaps using a larger perturbation, to obtain useful data. Also, the results of the 
analysis should be evaluated with diagnostic procedures to ensure that the model 
is accurate enough for control design. It is essential for engineers to recognize 
that the calculation procedure always yields parameter values and that they must 
judge the validity of the results based on diagnostics and knowledge of the process 
behavior based on fundamental models. 


No process is known exactly! Good results using models with (unavoidable) errors 
is not simply fortuitous; process control methods have been developed over the years 
to function well in realistic situations. 


In conclusion, empirical models can be determined by a rather straightforward ex¬ 
perimental procedure combined with either a graphical or a statistical parameter es¬ 
timation method. Usually, the models take the form of low-order transfer functions 
with dead time, which, although not capable of perfect prediction of all aspects of 
the process performance, provide the essential input-output relationships required 
for process control. The important topic of model error is considered in many of 
the subsequent chapters, where it is shown that models of the accuracy achieved 
with these empirical methods are adequate for many control design calculations. 
However, the selection of algorithms and determination of adjustable parameters 
must be performed with due consideration for the likely model errors. Therefore, 
lessons learned in this chapter about accuracy are applied in many later chapters. 
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Good results from the empirical method depend on proper engineering practices in 
experimental design and results analysis. The engineer must always cross-check the 
empirical model against the possible models based on physical principles. 


Questions 


QUESTIONS 

6.1. An experiment has been performed on a fired heater (furnace). The fuel 
valve was opened an additional increment of 2 percent in a step, giving 
the resulting temperature response in Figure Q6.1. Determine the model 
parameters using both process reaction curve methods and estimate the in¬ 
accuracies in the parameter values due to the data and calculation methods. 



6.2. Data has been collected from a chemical reactor. The inlet concentration 
was the only input variable that changed when the data was collected. The 
input and output data is given in Table Q6.2. 


TABLE Q6.2 


Time 

(min) 

Input 
(% open) 

Output 

rc) 

Time 

(min) 

Input 
(% open) 

Output 

(°C) 

Time 

(min) 

Input 
(% open) 

Output 

(°C) 

0 

30 

69.65 

36 

38 

70.22 

72 

38 

75.27 

4 

30 

69.7 

40 

38 

71.32 

76 

38 

75.97 

8 

30 

70.41 

44 

38 

72.33 

80 

38 

76.30 

12 

30 

70.28 

48 

38 

72.92 

84 

38 

76.30 

16 

30 

69.55 

52 

38 

73.45 

88 

38 

75.51 

20 

30 

70.32 

56 

38 

74.09 

92 

38 

74.86 

24 

38 

69.97 

60 

38 

75.00 

96 

38 

75.86 

28 

38 

69.96 

64 

38 

75.25 

100 

38 

76.20 

32 

38 

69.68 

68 

38 

74.78 

104 

38 

76.0 
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(a) Use the statistical identification method to estimate parameters in a 
first-order-with-dead-time model. 

(b) Determine whether the model structure is adequate for this data. 

(c) Estimate the inaccuracies in the parameter values due to the data and 
calculation method. 

You may use a spreadsheet or statistical computer program. Note that the 
number of data points is smaller than desired for good estimation; this is 
solely to reduce the effort of typing the data into your program. 

6.3. (a) The chemical reactor system in Figure Q6.3 is to be modelled. The 
relationship between the steam valve on the preheat exchanger and the 
outlet concentration is to be determined. Develop a complete experi¬ 
mental plan for a process reaction curve experiment. Include in your 
plan all actions, variables to be recorded or monitored, and any a priori 
information required from the plant operating personnel. 

(b) Repeat the discussion for the experiment to model the effect of the 
flow of the reboiler heating medium on the distillate composition for 
the distillation tower in Figure 5.18. 



FIGURE Q6.4 
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Questions 


6.5. Individual experiments have been performed on the process in Figure Q6.3. 
The following transfer function models were determined from these exper¬ 
iments: 

7 3 ( 5 ) _ 0.55e-°- 5i T 4 (s) _ 3Ae~ 2u 
r 2 (j) ” 2s + 1 r 3 (i) “ 2.7* + 1 

(a) What are the units of the gains and do they make sense? Is the reaction 
exothermic or endothermic? 

(b) Determine an approximate first-order-with-dead-time transfer function 
model for T 4 (s)/T 2 (s). 

(c) With better planning, could the model requested in ( b ) have been de¬ 
termined directly from the experimental data used to determine the 
models given in the problem statement? 

6.6. This question addresses dynamics of the mixing process in Figure Q6.6a, 
which has a mixing point, a pipe, and three identical, well-mixed tanks. 
Some information about the process follows. 

(i) The flow of pure component A is linear with the valve % open; Fa = 
K*v. 

(ii) The flow of pure component A is very small compared with the flow 
of B; Fa <£ Fb. Also, no component A exists in the B stream. 

(iii) Delays in the pipes designated by single lines are all negligible. 

(iv) The two materials have the same density, and jca is the volume percent 
(or weight %). 

(v) Fb is not influenced by the valve opening. 

(a) An experimental process reaction curve is given in Figure Q6.6 b for a 
step change in the valve of +5% at time = 7.5 minutes. 

(i) Discuss the good and poor aspects of this experimental data that 
affect its usefulness for empirical modelling. 

(ii) Determine the model parameters for a model between the valve 
and the concentration in the third tank. 

(b) In this question, you are to model the physical process and determine 
whether the response in Figure Q6.6 b is possible, i.e., consistent with 
the fundamental model you derive. 

(i) Develop the time-domain models for each process element in 
linear (or linearized) form in deviation variables. 

(ii) Take the Laplace transform of each model and combine into an 
overall transfer function between i/(s) and 

(iii) Compare the model with the data and conclude whether the fun¬ 
damental model and data are or are not consistent. You must 
provide an explanation! 


6 . 4 . Several experiments were performed on the chemical reactor shown in 
Figure Q6.3. In each experiment, the heat exchanger valve was changed and 
the reactor outlet temperature T4 was recorded. The dynamic data are given 
in Figure Q6.4a through d. Discuss the results of each experiment, noting 
any deficiencies and stating whether the data can be used for estimation 
and if so, which estimation method(s)—process reaction curve, statistical, 
or both—could be used. 
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FIGURE Q6.6 

(a) Mixing, delay, and series reactors; (6) process reaction curve. 


6 . 7 . The difference equation for a first-order system was derived from the con¬ 
tinuous differential equation in Section 6.4 by assuming that the input was 
constant over the sample period At. An alternative approach would be to 
approximate the derivative(s) by finite differences. Apply the finite differ¬ 
ence approach to a first-order and a second-order model. Discuss how you 
would estimate the model parameters from a set of experimental data using 
least squares. 

6 . 8 . Although such experiments are not common for a process, frequency re¬ 
sponse modelling is specified for some instrumentation (ISA, 1968). As¬ 
sume that the data in Table Q6.8 was determined by changing the fluid 
temperature about a thermocouple and thermowell in a sinusoidal manner. 
(Refer to Figure 4.9 for the meaning of frequency response.) Determine an 
approximate model by answering the following: 



(a) Plot the amplitude ratio, and estimate the order of the model from this 
plot. 

C b ) Estimate the steady-state gain and time constant(s) from the results in 

(a). 

(c) Plot the phase angle from the data and determine the value of the dead 
time, if any, from the plot. 
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TABLE Q6.8 


Frequency 

Amplitude ratio 

Phase angle (°) 

0.0001 

1.0 

-1 

0.001 

0.99 

-7 

0.005 

0.85 

-32 

0.010 

0.62 

-51 

0.015 

0.44 

-63 

0.050 

0.16 



6.9. It is important to use our knowledge of the process to design experiments 
and determine the range of applicability of the empirical models. Assume 
that the dynamic models for the following processes have been identified, 
for the input and output stated, using methods described in this chapter 
about some nominal operating conditions. After the experiments, the nom¬ 
inal operating conditions change as defined in the following table by a 
“substantial” amount, say 50 percent. You are to determine 

(a) whether the input-output dynamic behavior would change as a result 
of the change in nominal conditions 

(b) if so, which parameters would change and by how much 

(c) whether the empirical procedure should be repeated to identify a model 
at the new nominal operating conditions 


Process 

(all are worked examples) 

Input 

variable 

Output 

variable 

Process variable that 
changes for the new 
nominal operating 
condition 

Example 3.1: Mixing tank 

Cao 

C A 

(Cao), 

Example 3.1: Mixing tank 

Cao 

Ca 

F 

Example 3.2: Isothermal CSTR 

Cao 

C a 

T 

Example 3.5: Isothermal CSTR 

Cao 

C a 

(Cao)s 

Section 5.3: Noninteracting mixing tanks 

Cao 

C a 

(Cao), 

Section 5.3: Interacting levels 

Fo 

l 2 



6 . 10 . Use Method II of the process reaction curve to evaluate empirical models 
from the dynamic responses in Figure 5.17a. Explain why you can obtain 
two models from one experiment. 
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6.11. The graphical methods could be extended to other models. Develop a 
method for estimating the parameters in a second-order transfer function 
with dead time and a constant numerator for a step input forcing func¬ 
tion. The method should be able to fit both overdamped and underdamped 
systems. State all assumptions and explain all six steps. 

6.12. The graphical methods could be extended to other forcing functions. For 
both first- and second-order systems with dead time, develop methods for 
fitting parameters from an impulse response. 

6.13. We will be using first-order-with-dead-time models often. Sketch an ideal 
process that is exactly first-order with dead time. Derive the fundamen¬ 
tal model and relate the equipment and operating conditions to the model 
parameters. Discuss how well this model approximates more complex pro¬ 
cesses. 

6.14. Develop a method for testing whether the empirical data can be fitted using 
equation (6.2). The method should involve comparing calculated values to 
a straight-line model. 

6.15. Both process reaction curve methods require that the process achieve a 
steady state after the step input. For both methods, suggest modifications 
that would relieve the requirement for a final steady state. Discuss the rela¬ 
tive accuracy of these modified methods to those presented in the chapter. 
Could you apply your method to the first part of the transient response in 
Figure 3.10c? 

6.16. Often, more than one input to a process changes during an experiment. For 
the process reaction curve and the statistical method: 

(a) If possible, show how models for two inputs could be determined from 
such experiments. Clearly state the requirements of the experimental 
design and calculations. 

( b ) Assume that the model between one of the inputs and the output is 
known. Show how to fit the parameters for the remaining input. 

6.17. For each of the processes and dynamic data, state whether the process 
reaction curve, the statistical model fitting method, or both can be used. 
Also, state the model form necessary to model the process adequately. The 
systems are Examples 3.3,5.1, and Figure 5.5 (with n = 10). 

6.18. The residual plot provides a visual display of goodness of fit. How could 
you use the calculated residuals to test the hypothesis that the model has 
provided a good fit? What could you do if the result of this test indicates 
that the model is not adequate? 

6.19. ( a ) Experiments were performed to obtain the process reaction curves in 

Figure 5.20a and b. How do you think that the results would change if 

(1) The step magnitudes were halved? doubled? 

(2) The step signs were inverted? 

(3) Both steps were made simultaneously? 

0 b ) Describe how the inventories (liquid levels) were controlled during the 
experiments. 

(c) Would the results change if the inventories were controlled differently? 


Feedback 

Control 






To this point we have studied the dynamic responses of various systems and learned 
important relationships between process equipment and operating conditions and 
dynamic responses. In this part, we make a major change in perspective: we change 
from understanding the behavior of the system to altering its behavior to achieve 
safe and profitable process performance. This new perspective is shown schemat¬ 
ically in Figure HI.l for a physical example given in Figure III.2. In discussing 
control, we will use the terms input and output in a specific manner, with input 
variables influencing the output variables as follows: 



Input-► Process-► Output 

-Feedback - 


Here we see a difference in terminology between modelling and feedback control. 
In feedback control the input is the cause and the output is the effect, and there 
is no requirement that the input or output variables be associated with a stream 
passing through the boundary defining the system. For example, the input can be 
a flow and the output can be the liquid level in the system. 

There is a cause/effect relationship in the process that cannot be directly in¬ 
verted. In the process industries we usually desire to maintain selected output vari¬ 
ables, such as pressure, temperature, or composition, at specified values. Therefore, 
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Desired 

value 



FIGURE 111.1 


Schematic of feedback system. 



FIGURE 111.2 

Process example of feedback. 


feedback is applied to achieve the desired output by adjusting an input. This ex¬ 
plains why the feedback control algorithm is sometimes described as the inverse 
of the process relationship. 

First, the engineer selects the measured outlet variable whose behavior is 
specified; it is called the controlled variable and typically has a substantial effect 
on the process performance. In the example, the temperature of the stream leaving 
the stirred tank is the controlled variable. Many other output variables exist, such 
as the outlet flow rate and the exit heating oil temperature. Next, the variables that 
have been referred to as process inputs are divided into two categories: manipulated 
and disturbance variables. A manipulated variable is selected by the engineer for 
adjustment in a control strategy to achieve the desired performance in the controlled 
variable. In the physical example, the valve position in the heating oil pipe is 
the manipulated variable, since opening the valve increases the flow of heating 
oil and results in greater heat transfer to the fluid in the tank. All other input 
variables that influence the controlled variable are termed disturbances. Examples 
of disturbances are the inlet flow rate and inlet temperature. 

To achieve the desired behavior of the output variable, an additional compo¬ 
nent must be added to the system. Here we consider feedback control, which was 
introduced in Chapter 1 as a method for adjusting an input variable based on a 
measured output variable. In the simplest case, the feedback system could involve 
a person who observes a thermometer reading and adjusts the heating valve by 
hand. Alternatively, feedback control can be automated by providing a computing 
device with an algorithm for adjusting the valve based on measured temperature 
values. To automate the feedback, the sensor must be designed to communicate 
with the computing device, and the final element must respond to the command 
from the computing device. 

Among the most important decisions made by the engineer are the selec¬ 
tion of controlled and manipulated variables and the algorithm and parameters 
in the calculation. In this part, the greatest emphasis is placed on understanding 
the feedback principles through the analysis of particular feedback control algo- 













rithms. The selection of measured controlled variables and manipulated variables 
is introduced here and expanded in later chapters. While this part emphasizes the 
control algorithm, one must never lose sight of the fact that the process is part 
of the control system! Since chemical engineers are responsible for designing the 
process equipment and determining operating conditions to achieve good process 
performance, the material in this part provides qualitative and quantitative methods 
for evaluating the likely dynamic performance of process designs under feedback 
control. 
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The Feedback 


7.1 a INTRODUCTION 

Now that we are prepared with a good understanding of process dynamics, we 
can begin to address the technology for automatic process control. The goals of 
process control—safety, environmental protection, equipment protection, smooth 
operation, quality control, and profit—are achieved by maintaining selected plant 
variables as close as possible to their best conditions. The variability of variables 
about their best values can be reduced by adjusting selected input variables using 
feedback control principles. As explained in Chapter 1, feedback makes use of 
an output of a system in deciding the way to influence an input to the system, 
and the technology presented in this part of the book explains how to employ 
feedback. This chapter builds on the chapters in Part I of the book, which were 
more qualitative and descriptive, by establishing the key quantitative aspects of a 
control system. 

It is important to emphasize that we are dealing with the control system, which 
involves the process and instrumentation as well as the control calculations. Thus, 
this chapter begins with a section on the feedback loop in which all elements are 
discussed. Then, reasons for control are reviewed, and because engineers should 
always be prepared to define measures of the effectiveness of their efforts, quan¬ 
titative measures of control performance are defined for key disturbances; these 
measures are used throughout the remainder of the book. Because the process 
usually has several input and output variables, initial criteria are given for select¬ 
ing the variables for a control loop. Finally, several general approaches to feedback 
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control, ranging from manual to automated methods, are discussed, along with 
guidelines for when to employ each approach. 


CHAPTER7 
The Feedback Loop 

7.2 □ PROCESS AND INSTRUMENT ELEMENTS 
OF THE FEEDBACK LOOP 

All elements of the feedback loop can affect control performance. In this section, 
the process and instrument elements of a typical loop, excluding the control cal¬ 
culation, are introduced, and some quantitative information on their dynamics is 
given. This analysis provides a means for determining which elements of the loop 
introduce significant dynamics and when the dynamics of some fast elements can 
usually be considered negligible. 

A typical feedback control loop is shown in Figure 7.1. This discussion will 
address each element of the loop, beginning with the signal that is sent to the 
process equipment. This signal could be determined using feedback principles 
by a person or automatically by a computing device. Some key features of each 
element in the control loop are summarized in Table 7.1. 

The feedback signal in Figure 7.1 has a range usually expressed as 0 to 100%, 
whether determined by a controller or set manually by a person. When the signal is 
transmitted electronically, it usually is converted to a range of 4 to 20 milliamperes 
(mA) and can be transmitted long distances, certainly over one mile. When the 
signal is transmitted peumatically, it has a range of 3 to 15 psig and can only be 
transmitted over a shorter distance, usually limited to about 400 meters unless 
special signal reinforcement is provided. Pneumatic transmission would normally 
be used only when the controller is performing its calculations pneumatically, 
which is not common with modem equipment. Naturally, the electronic signal 



FIGURE 7.1 

Process and instrument elements in a typical control loop. 








TABLE 7.1 
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Key features of control loop elements, excluding the process 


Loop element* 

Function 

Typical range 

Typical dynamic 
response, t 63% •* 

Controller output 

Initiate signal at a 
remote location 
intended for the final 
element 

Operator/controller use 
0-100% 


Transmission 

Carry signal from 
controller to final 

Pneumatic: 3-15 psig 

Pneumatic: 1-5 s 


element and from the 

Electronic: 4-20 

Electronic: 


sensor to the controller 

milliamp (mA) 

Instantaneous 

Signal conversion 

Change transmission 
signal to one 
compatible with final 
element 

Electronic to pneumatic: 
4-20 mA to 3-15 psig 
Sensor to electronic: 
mV to 4-20 mA 

0.5-1 .Os 

Final control element 

Implement desired 
change in process 

Valve: 0-100% open 

1-4 s 

Sensor 

Measure controlled 

Scale selected to give 

Typically from a few 


variable 

good accuracy, e.g., 
200-300°C 

seconds to several 
minutes 

*The terms input and output are with respect to a controller. 

"Time for output to reach 63% after step input. 



Process and 
Instrument Elements 
of the Feedback Loop 


transmission is essentially instantaneous; the pneumatic signal requires several 
seconds for transmission. Note that the standard signal ranges (e.g., 4 to 20 mA) 
are very important so that equipment manufactured by different suppliers can be 
interchanged. 

At the process unit, the output signal is used to adjust the final control element: 
the equipment that is manipulated by the control system. The final control element 
in the example, as in over 90 percent of process control applications, is a valve. The 
valve percent opening could be set by an electrical motor, but this is not usually 
done because of the danger of explosion with the high-amperage power supply a 
motor would require. The alternative power supply typically used is compressed air. 
The signal is converted from electrical to pneumatic; 3 to 15 psig is the standard 
range of the pneumatic signal. The conversion is relatively accurate and rapid, 
as indicated by the entry for this element in Table 7.1. The pneumatic signal is 
transmitted a short distance to the control valve, which is specially designed to 
adjust its percent opening based on the pneumatic signal. Control valves respond 
relatively quickly, with typical time constants ranging from 1 to 4 sec. 

The general principles of a control valve are demonstrated in Figure 7.2. 
The process fluid flows through the opening in the valve, with the amount open 
(or resistance to flow) determined by the valve stem position. The valve stem 


| Air pressure 



Schematic of control valve. 


is connected to the diaphragm, which is a flexible metal sheet that can bend in 
response to forces. The two forces acting on the diaphragm are the spring and 
the variable pressure from the control signal. For a zero control signal (3 psig), 
the diaphragm in Figure 7.2 would be deformed upward because of the greater 
force from the spring, and the valve stem would be raised, resulting in the greatest 
opening for flow. For a maximum signal (15 psig), the diaphragm in Figure 7.2 
would be deformed downward by the greater force from the air pressure, and 
the stem would be lowered, resulting in the minimum opening for flow. Other 
arrangements are possible, and selection criteria are presented in Chapter 12. 

After the final control element has been adjusted, the process responds to the 
change. The process dynamics vary greatly for the wide range of equipment in the 
process industries, with typical dead times and time constants ranging from a few 
seconds (or faster) to hours. When the process is by far the slowest element in the 
control loop, the dynamics of the other elements are negligible. This situation is 
common, but important exceptions occur, as demonstrated in Example 7.1. 

The sensor responds to the change in plant conditions, preferably indicating 
the value of a single process variable, unaffected by all other variables. Usually, 
the sensor is not in direct contact with the potentially corrosive process materi¬ 
als; therefore, the protective equipment or sample system must be included in the 
dynamic response. For example, a thin thermocouple wire responds quickly to a 
change in temperature, but the metal sleeve around the thermocouple, the ther¬ 
mowell, can have a time constant of 5 to 20 sec. Most sensor systems for flow, 
pressure, and level have time constants of a few seconds. Analyzers that perform 
complex physicochemical analyses can have much slower responses, on the order 
of 5 to 30 minutes or longer; they may be discrete, meaning that a new analyzer 
result becomes available periodically, with no new information between results. 
Physical principles and performance of sensors are diverse, and the reader is en¬ 
couraged to refer to information in the additional resources from Chapter 1 on 
sensors for further details. 

The sensor signal is transmitted to the controller, which we are considering to 
be located in a remote control room. The transmission could be pneumatic (3 to 
15 psig) or electrical (4 to 20 mA). The controller receives the signal and performs 
its control calculation. The controller can be an analog system; for example, an 
electronic analog controller consists of an electrical circuit that obeys the same 
equations as the desired control calculations (Hougen, 1972). For the next few 
chapters, we assume that the controller is a continuous electronic controller that 
performs its calculations instantaneously, and we will see in Chapter 11 that es¬ 
sentially the same results can be obtained by a very fast digital computer, as is 
used in most modem control equipment. 

EXAMPLE 7.1. 

The dynamic responses of two process and instrumentation systems similar to Fig¬ 
ure 7.1, without the controller, are evaluated in this exercise. The system involves 
electronic transmission, a pneumatic valve, a first-order-with-dead-time process, 
and a thermocouple in a thermowell. The dynamics of the individual elements are 
given in Table 7.2 with the time in seconds for two different systems, A and B. The 
dynamics of the entire loop are to be determined. The question could be stated, 
“How does a unit step change in the manual output affect the displayed variable, 



TABLE 7.2 

Dynamic models for elements in Example 7.1 
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Element 

Units* 

Case A 

Case B 

Manual station 

mA/% output 

0.16 

0.16 

Transmission 


1.0 

1.0 

Signal conversion 

psi/mA 

0.75/(0.55 + 1) 

0.75/(0.55 + 1) 

Final element 

%open/psi 

8.33/(1.5j + 1) 

8.33/(1.55 + 1) 

Process 

°C/psi 

1.84e- |0 7(3j + 1) 

1.84e- lo0 7(3OO5 + 1) 

Sensor 

mV/°C 

0.11/(105+1) 

0.11/(105 + 1) 

Signal conversion 

mA/mV 

1.48/(0.515 + 1) 

1.48/(0.515 + 1) 

Transmission 


1.0 

1.0 

Display 

°C/mA 

6.25/(1.05 + 1) 

6.25/(1.05 + 1) 


•Time is in seconds. 
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which is also the variable available for control, in the control house?” Note that the 
two systems are identical except for the process transfer functions. 

The physical system in this problem and shown in Figure 7.1 is recognized 
as a series of noninteracting systems. Therefore, equation (5.40) can be applied 
to determine the transfer function of the overall noninteracting series system. The 
result for Case B is 


Y(s) 

X(s) 




/=0 


(0.16)(1.0)(0.75)(8.33)(1.84)(0.1 l)(1.48)(1.0)(6.25)e -100 ' 
(0.55 + l)(1.5s + l)(300s + 1)(10 j + l)(0.5b + 1)(5 + 1) 



(a) 


Before the simulation results are presented for this example, it is worthwhile 
performing an approximate analysis, using the simple approximation introduced 
in Chapter 5 for series processes. The overall gains and approximate 63 percent 
times for both systems that relate the manual signal to the display are shown in 
the following table: 



Case A 

Case B 


Process gain /sT p = fl K < 
Time to 63% % E(r, + Q ( ) 

1.84 
« 17.5 

1.84 
% 413.5 

°C/(% controller output) 
seconds 



(*) 

FIGURE 7.3 


The two cases have been simulated, and the results are plotted in Figure 7.3a and Transient response for Example 7.1 with 

b. The results of the approximate analysis compare favorably with the simulations. a 1 % step input change at time = 0. 
Note that for system A, which involves a fast process, the sensor and final element («) Case A; (b) Case B. 

contribute significant dynamics, resulting in a substantial difference between the 
true process temperature and the displayed value of the temperature, which would 
be used for feedback control. In system B the process dynamics are much slower, 
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and the dynamic effects of all other elements in the loop are negligible. This is a 
direct consequence of the time-domain solution to the model of this process for a 
step (1/s) input, which has the form 

Y'(t) = Cl + C 2 e-' /Xi + C 3 e~' /t3 +■■■ 

Clearly, a slow “mode" due to one especially long time constant will dominate 
the dynamic response, with the faster elements essentially at quasi-steady state. 
One would expect that a dynamic analysis that considered the process alone 
for control design would not be adequate for Case A but would be adequate for 
Case B. 


It is worth recalling that the empirical methods for determining the “process” 
dynamics presented in Chapter 6 involve changes to the manipulated signal and 
monitoring the response of the sensor signal as reported to the control system. Thus, 
the resulting model includes all elements in the loop, including instrumentation and 
transmission. Since the experiments usually employ the same instrumentation used 
subsequently for implementing the control system, the dynamic model identified 
is between the controller output and input—in other words, the system “seen” by 
the controller. This seems like the appropriate model for use in design control 
systems, and that intuition will be supported by later analysis. 


7.3 El SELECTING CONTROLLED AND MANIPULATED 
VARIABLES 



FIGURE 7.4 


Continuous-flow chemical reactor 
example for selecting control loop 
variables. 


Feedback control provides a connection between the controlled and manipulated 
variables. Perhaps the most important decision in designing a feedback control sys¬ 
tem involves the selection of variables for measurement and manipulation. Some 
initial criteria are introduced in this section and applied to the continuous-flow 
chemical reactor in Figure 7.4. As more details of feedback control are presented, 
further criteria will be presented throughout Part III for a single-loop controller. 

We begin by considering the controlled variable, which is selected so that the 
feedback control system can achieve an important control objective. The seven 
categories of control objectives were introduced in Chapter 2 and are repeated 
below. 


Control objective _ Process variable _ Sensor _ 

1. Safety 

2. Environmental protection 

3. Equipment protection 

4. Smooth plant operation 
and production rate 

5. Product quality —►- Concentration of—► Analyzer in reactor 

reactant A in the effluent effluent measuring 

the mole % A 

6. Profit optimization 

7. Monitoring and diagnosis 


From none to several controlled variables may be associated with each control 
objective. Here, we consider the product quality objective and decide that the most 
important process variable associated with product quality is the concentration of 
reactant A in the reactor effluent. The process variable must be measured in real 
time to make it available to the computer, and the natural selection for the sensor 
would be an analyzer in the effluent stream. In practice, an onstream analyzer 
might not exist or might be too costly; for the next few chapters we will assume 
that a sensor is available to measure the key process variable and defer discussions 
of using substitute (inferential) variables, which are more easily measured, until 
later chapters. 

The second key decision is the selection of the manipulated variable, because 
we must adjust some process variable to affect the process. First, we identify 
all input variables that influence the measured variable. The input variables are 
summarized below for the reactor in Figure 7.4. 
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Input variables that affect Selected adjustable flow Manipulated valve 
the measured variable 


Disturbances: 

Feed temperature 
Solvent flow rate 
Feed composition, before mix 
Coolant inlet temperature 
Adjustable: 

Flow of pure A - Flow of pure A - v A 

Flow of coolant 


Six important input variables are identified and separated into two categories: 
those that cannot be adjusted (disturbances) and those that can be adjusted. In 
general, the disturbance variables change due to changes in other plant units and 
in the environment outside the plant, and the control system should compensate 
for these disturbances. Disturbances cannot be used as manipulated variables. 

Only adjustable variables can be candidates for selection as a manipulated 
variable. To be an adjustable flow, a valve must influence the flow. (In general, 
manipulated variables include adjustable motor speeds and heater power, and so 
forth, but for the current discussion, we restrict the discussion to valves.) Criteria 
for selecting an adjustable variable include 

1. Causal relationship between the valve and controlled variable (required) 

2. Automated valve to influence the selected flow (required) 

3. Fast speed of response (desired) 

4. Ability to compensate for large disturbances (desired) 

5. Ability to adjust the manipulated variable rapidly and with little upset to the 
remainder of the plant (desired) 


As a method for ensuring that the manipulated variable has a causal relationship 
on the controlled variable, the dynamic model between the valve and controlled 
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variable must have a nonzero value, i.e., ACa/AFA = K p ^ 0. An important 
aspect of chemical plant design involves providing streams which accommodate 
the five criteria above; examples are cooling water, steam, and fuel gas, which are 
distributed and made available throughout a plant. 

Two potential adjustable flows exist in this example, and based on the infor¬ 
mation available, either is acceptable. For the present, we will arbitrarily select 
the valve affecting the flow of pure component A, v A . After we have analyzed the 
effects of feedback dynamics more thoroughly, we will reconsider this selection 
in Example 13.12. 


In conclusion, the feedback system for product quality control connects the effluent 
composition analyzer to the valve in the pure A line. 


The next section discusses desirable features of dynamic behavior for a control 
system and how these features can be characterized quantitatively. The calculations 
performed by the controller to determine the valve opening are presented in the 
next chapter. 

7.4 □ CONTROL PERFORMANCE MEASURES FOR COMMON 
INPUT CHANGES 

The purpose of the feedback control loop is to maintain a small deviation between 
the controlled variable and the set point by adjusting the manipulated variable. In 
this section, the two general types of external input changes are presented, and 
quantitative control performance measures are presented for each. 


Set Point Input Changes 



FIGURE 7.5 


Example feedback control system, 
three-tank mixing process. 


The first type of input change involves changes to the set point: the desired value 
for the operating variable, such as product composition. In many plants the set 
points remain constant for a long time. In other plants the values may be changed 
periodically; for example, in a batch operation the temperature may need to be 
changed during the batch. 

Control performance depends on the goals of the process operation. Let us here 
discuss some general control performance measures for a change in the controller 
set point on the three-tank mixing process in Figure 7.5. In this process, two 
streams, A and B, are mixed in three series tanks, and the output concentration 
of component A is controlled by manipulating the flow of stream A. Here, we 
consider step changes to the set point; these changes represent the situation in 
which the plant operator occasionally changes the value and allows considerable 
time for the control system to respond. A typical dynamic response is given in 
Figure 7.6. This is somewhat idealized, because there is no measurement noise or 
effect of disturbances, but these effects will be considered later. Several facets of 
the dynamic response are considered in evaluating the control performance. 


OFFSET. Offset is a difference between final, steady-state values of the set point 
and of the controlled variable. In most cases, a zero steady-state offset is highly 
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FIGURE 7.6 

typical transient response of a feedback control 
system to a step set point change. 


desired, because the control system should achieve the desired value, at least after 
a very long time. 

RISE TIME. This ( T r ) is the time from the step change in the set point until 
the controlled variable first reaches the new set point. A short rise time is usually 
desired. 


INTEGRAL ERROR MEASURES. These indicate the cumulative deviation 
of the controlled variable from its set point during the transient response. Several 
such measures are used: 


Integral of the absolute value of the error (IAE): 


poo 

IAE = / |SP(f)-CV(f)|rff 
Jo 

Integral of square of the error (ISE): 

poo 

ISE = / [SP(0 - CV(t)] 2 dt 
Jo 

Integral of product of time and the absolute value of error (ITAE): 


(7.1) 


(7.2) 


p 00 

ITAE = / t \SP(t)-CV(t)\dt 
Jo 


Integral of the error (IE): 


IE = 



[SP(r) - CV(t))dt 


(7.3) 


(7.4) 


The IAE is an easy value to analyze visually, because it is the sum of areas above 
and below the set point. It is an appropriate measure of control performance when 
the effect on control performance is linear with the deviation magnitude. The ISE 
is appropriate when large deviations cause greater performance degradation than 
small deviations. The ITAE penalizes deviations that endure for a long time. Note 
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that IE is not normally used, because positive and negative errors cancel in the 
integral, resulting in the possibility for large positive and negative errors to give a 
small IE. A small integral error measure (e.g., IAE) is desired. 


DECAY RATIO (B /A). The decay ratio is the ratio of neighboring peaks in an 
underdamped controlled-variable response. Usually, periodic behavior with large 
amplitudes is avoided in process variables; therefore, a small decay ratio is usually 
desired, and an overdamped response is sometimes desired. 

THE PERIOD OF OSCILLATION (P). Period of oscillation depends on the 
process dynamics and is an important characteristic of the closed-loop response. 
It is not specified as a control performance goal. 

SETTLING TIME. Settling time is the time the system takes to attain a “nearly 
constant” value, usually ±5 percent of its final value. This measure is related to 
the rise time and decay ratio. A short settling time is usually favored. 

MANIPULATED-VARIABLE OVERSHOOT (C/D). This quantity is of con¬ 
cern because the manipulated variable is also a process variable that influences per¬ 
formance. There are often reasons to prevent large variations in the manipulated 
variable. Some large manipulations can cause long-term degradation in equipment 
performance; an example is the fuel flow to a furnace or boiler, where frequent, 
large manipulations can cause undue thermal stresses. In other cases manipulations 
can disturb an integrated process, as when the manipulated stream is supplied by 
another process. On the other hand, some manipulated variables can be adjusted 
without concern, such as cooling water flow. We will use the overshoot of the 
manipulated variable as an indication of how aggressively it has been adjusted. 
The overshoot is the maximum amount that the manipulated variable exceeds its 
final steady-state value and is usually expressed as a percent of the change in ma¬ 
nipulated variable from its initial to its final value. Some overshoot is acceptable 
in many cases; little or no overshoot may be the best policy in some cases. 

Disturbance Input Changes 

The second type of change to the closed-loop system involves variations in uncon¬ 
trolled inputs to the process. These variables, usually termed disturbances, would 
cause a large, sustained deviation of the controlled variable from its set point if 
corrective action were not taken. The way the input disturbance variables vary with 
time has a great effect on the performance of the control system. Therefore, we 
must be able to characterize the disturbances by means that (1) represent realis¬ 
tic plant situations and (2) can be used in control design methods. Let us discuss 
three idealized disturbances and see how they affect the example mixing process 
in Figure 7.5. Several facets of the dynamic responses are considered in evaluating 
the control performance for each disturbance. 


STEP DISTURBANCE. Often, an important disturbance occurs infrequently 
and in a sudden manner. The causes of such disturbances are usually changes to 
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(a) 




Time, / 


(b) 


FIGURE 7.7 


Transient response of the example process in Figure 7.5 in response to a step disturbance (a) without 

feedback control; ( b ) with feedback control. 
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other parts of the plant that influence the process being considered. An example 
of a step upset in Figure 7.5 would be the inlet concentration of stream B. The 
responses of the outlet concentration, without and with control, to this disturbance 
are given in Figure 1.1a and b. We will often consider dynamic responses similar to 
those in Figure 7.7 when evaluating ways to achieve good control that minimizes 
the effects of step disturbances. The explanations for the measures are the same 
as for set point changes except for rise time, which is not applicable, and for 
the following measure, which has meaning only for disturbance responses and is 
shown in Figure 1.1b: 


MAXIMUM DEVIATION. The maximum deviation of the controlled variable 
from the set point is an important measure of the process degradation experienced 
due to the disturbance; for example, the deviation in pressure must remain below 
a specified value. Usually, a small value is desirable so that the process variable 
remains close to its set point. 


STOCHASTIC INPUTS. As we recognize from our experiences in laboratories 
and plants, a process typically experiences a continual stream of small and large 
disturbances, so that the process is never at an exact steady state. A process that 
is subjected to such seemingly random upsets is termed a stochastic system. The 
response of the example process to stochastic upsets in all flows and concentrations 
is given in Figure 1.8a and b without and with control. 

The major control performance measure is the variance, <Jq V , or standard 
deviation, otv, of the controlled variable, which is defined as follows for a sample 
of n data points; 


ocv = 


1 


N 


n - 1 


£(cv - cv,)2 

i=i 


(7.5) 



FIGURE 7.8 


Transient response of the example 
process (a) without and (b) with 
feedback control to a stochastic 
disturbance. 








(7.6) 
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•o 

§ _ Manipulated 

1:- 


Time, t 
(«) 



Time, t 
(b) 


FIGURE 7.9 

Transient response of the example 
system (a) without and (b) with control 
to a sine disturbance. 


With the mean 


___ i » 

= cv = -Vcv, 

i=\ 


This variable is closely related to the ISE performance measure for step distur¬ 
bances. The relationship depends on the approximations that (1) the mean can be 
replaced with the set point, which is normally valid for closed-loop data, and (2) 
the number of points is large. 

—Y\CV- CV,) 2 « ]- f (SP - CV) 2 dt (7.7) 

n — 1 T Jo 

l — 1 

Since the goal is usually to maintain controlled variables close to their set points, a 
small value of the variance is desired. In addition, the variance of the manipulated 
variable is often of interest, because too large a variance could cause long-term 
damage to equipment (fuel to a furnace) or cause upsets in plant sections provid¬ 
ing the manipulated stream (steam-generating boilers). We will not be analyzing 
stochastic systems in our design methods, but we will occasionally confirm that 
our designs perform well with example stochastic disturbances by simulation case 
studies. As you may expect, the mathematical analysis of these statistical distur¬ 
bances is challenging and requires methods beyond the scope of this book. How¬ 
ever, many practical and useful methods are available and should be considered 
by the advanced student (MacGregor, 1988; Cryor, 1986). 


SINE INPUTS. An important aspect of stochastic systems in plants is that the 
disturbances can be thought of as the sum of many sine waves with different 
amplitudes and frequencies. In many cases the disturbance is composed predom¬ 
inantly of one or a few sine waves. Therefore, the behavior of the control system 
in response to sine inputs is of great practical importance, because through this 
analysis we learn how the frequency of the disturbances influences the control per¬ 
formance. The responses of the example system to a sine disturbance in the inlet 
concentration of stream B with and without control are given in Figure 1.9a and 
b. Control performance is measured by the amplitude of the output sine, which is 
often expressed as the ratio of the output to input sine amplitudes. Again, a small 
output amplitude is desired. We shall use the response to sine disturbances often 
in analyzing control systems, using the frequency response calculation methods 
introduced in Chapter 4. 

In summary, we will be considering two sources of external input change: 
set point changes and disturbances in input variables. Usually, we will consider 
the time functions of these disturbances as step and sine changes, because they 
are relatively easy to analyze and yield useful insights. The measures of control 
performance for each disturbance-function combination were discussed in this 
section. 

It is important to emphasize two aspects of control performance. First, ideally 
good performance with respect to all measures is usually not possible. For example, 
it seems unreasonable to expect to achieve very fast response of the controlled 
variable through very slow adjustments in the manipulated variable. Therefore, 
control design almost always involves compromise. This raises the second aspect: 
that control performance must be defined with respect to the process operating 
objectives of a specific process or plant. It is not possible to define one set of 
universally applicable control performance goals for all chemical reactors or all 







distillation towers. Guidance on setting goals will be provided throughout the book 
via many examples, with emphasis on the most common goals. 
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Finally, the responses to all changes have demonstrated by example an impor¬ 
tant point that will be proved in later chapters. The application of feedback control 
does not eliminate variability in the process plant; in fact, the “total variability” 
of the controlled and manipulated variables may not be changed. This conclu¬ 
sion follows from the observation that a manipulated variable must be adjusted 
to reduce the variability in the output controlled variable. If these variables are 
selected properly, the performance of the plant, as measured by safety, product 
quality, and so forth, improves. The availability of manipulated variables depends 
on a skillful process design that provides numerous utility systems, such as cool¬ 
ing water, steam, and fuel, which can be adjusted rapidly with little impact on the 
performance of the plant. 

EXAMPLE 7.2. 

One of the example processes analyzed several times in Part III is the three-tank 
mixing process in Figure 7.5. This process is selected for its simplicity, which 
enables us to determine many characteristics of the feedback system, although 
it is complex enough to exhibit realistic behavior. The process design and model 
are introduced here; the linearized model is derived; and the selection of variables 
is discussed. 

Qoal. The outlet concentration is to be maintained close to its set point. Derive the 
nonlinear and linearized models and select controlled and manipulated variables. 

Assumptions. 

1. All tanks are well mixed. 

2. Dynamics of the valve and sensor are negligible. 

3. No transportation delays (dead times) exist. 

4. A linear relationship exists between the valve opening and the flow of com¬ 
ponent A. 

5. Densities of components are equal. 

Data. , 

V = volume of each tank = 35 nr 

Fb — flow rate of stream B = 6.9 m 3 min 

x\i = concentration of A in all tanks and outlet flow = 3% A (base case) 

F a = flow rate of stream A = 0.14 m 3 /min (base case) 

(*a)b = concentration of stream B = 1% A (base case) 

(jc a )a = concentration of stream A = 100% A 

v = valve position = 50% open (base case) 

Thus, the product flow rate is essentially the flow of stream B ; that is, F B » F A . 

Formulation. Since the variable to be controlled is the concentration leaving the 
last tank, component material balances on the mixing point and each mixing tank 
are given below. 
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Xao = 


Fb( *a)b + F a (xa)a 
Fb + F A 


Vi 


dx a,- 
dt 


= (Fa + F b )(x m .i — *Ai) for / — 1,3 


(7.9) 


Note that the differential equations are nonlinear, because the products of flow 
and concentrations appear. (If you need a refresher, see Section 3.4 for the defini¬ 
tion of linearity.) We will linearize these equations and determine how the process 
gains and time constants depend on the equipment and operating variables. The 
linearized models are now summarized, with the subscript s representing the initial 
steady state and the prime representing deviation variables. 

, , „ „„„„ m 3 /min 

F; = K v v' K v = 0.0028 ' 


% open 


*ao — £ 


Fflj{(XAA).t - ( xab )s} 


dx A Fas + Fbs 

—- H---* 


(Fbs + F As ) 2 
Fas + Fbs 


F'a 


dt ' V " M V 

The total flow is assumed to be approximately constant. By taking the Laplace 
transforms of these equations and performing standard algebraic manipulations, 
the feedback process relating the valve ( v ) to concentration (jc A 3 > transfer function 
can be derived: 


*Ai —1 


for i = l t 3 


(7.10) 


(7.11) 


(7.12) 


Feedback: 


*A3 fo) 

i>(s) 


= GJs) = 


Kn 


(ts + 1) 3 


with K, 


= K V [ 


Fbs (*aa ~~ Xab), 
(Fas + Fbs) 2 


■]=° 


039- 


%A 


opening 


(7.13) 


(7.14) 


t = ——— = 5.0 min (7.15) 

** Bs + Pas 

It can be seen that the gain and all time constants are functions of the volumes and 
total flow. These expressions give an indication, which will be used in later chap¬ 
ters, of how the dynamic response changes as a result of changes in operating 
conditions. 

The closed-loop block diagram also includes the disturbance transfer function 
G d (s ): the effect of the disturbance if there were no control. This can be derived 
by assuming that the flows are all constant and that the important input variable 
that changes is (jc a ) b . The resulting model is 


*A0= - 


Fb 


.Fa + F b ] X ' ab * X ' ab (716) 

This equation can be combined with equation (7.12) to give the disturbance trans¬ 
fer function, 


Disturbance: 


XA3 (£) 
Xa b(s) 


= G d (s) = 


K d 


1.0 


(ts -I-1) 3 (rs + l) 3 


(7.17) 


Notice that two models have been developed for the same physical system, 
and they both relate an external input variable to the dependent output variable. The 



model G p (s ) relates the manipulated valve to the concentration in the third tank. 
This provides the dynamic response for the feedback control system; as we shall 
see, favorable performance requires a large gain magnitude and fast dynamics. The 
model Gj(s) relates the inlet concentration disturbance to the concentration in the 
third tank. This provides the disturbance response without control; favorable per¬ 
formance requires a small gain magnitude and slow dynamics. The reader should 
recognize and understand the difference between the two models. 

The selection of the controlled variable is summarized in the following 
analysis. 
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Control objective Process variable Sensor 


1. Safety 

2. Environmental 
protection 

3. Equipment protection 

4. Smooth plant operation 
and production rate 

5. Product quality —►- Concentration of reactant —► Analyzer in reactor effluent 

A in the third tank measuring the mole % A 

6. Profit optimization 

7. Monitoring and 
diagnosis 


The reader will notice that the concentration of A in the upstream tanks has a 
direct influence on the third tank and might wonder if measuring concentration 
in these tanks might be useful. Feedback does not require other measurements, 
but additional measurements can improve the dynamic behavior, as explained in 
Chapters 14 (cascade) and 15 (feedforward). 

The selection of the manipulated variable is straightforward, because only one 
valve exists. However, the analysis is presented here to complete the example for 
the reader. 


Input variables that affect Selected adjustable 

the measured variable flow Manipulated valve 


Disturbances: 

Solvent flow rate 
Feed composition, (x A ) B 
Composition of "pure A" 
stream 
Adjustable: 

Flow of pure A-► Flow of pure A-► v A 


The selection criteria presented in Section 7.3 are reviewed in the following 
steps. 


226 1. Causal relationship (required). Yes, because AX A s/ Aua = K p — 0.039 ^ 0. 

2. Valve to influence the selected flow (required). Yes, because a valve exists in 
CHAPTER 7 the pure A pipe. 

The Feedback Loop 3. Fast speed of response (desired). We cannot evaluate this with the methods 

presented to this point in the book, but we will be evaluating this factor in 
Chapters 9 to 13. 

4 . Ability to compensate for large disturbances (desired). Yes, the reader can 
confirm that the exit concentration of 3 percent can be achieved for solvent 
flow rates of 0-13.8 m 3 /min. If the solvent flow is larger, the valve will be 100 
percent open and the effluent concentration will decrease below 3 percent. 

5. Ability to adjust the manipulated variable rapidly and with little upset to the 
remainder for the plant (desired). Further information is required to evaluate 
this factor. We will assume that the pure A is taken from a large storage tank, 
so that changes in the flow of A do not disturb other parts of the plant. 


Because the three-tank mixing process is used in many examples in the remainder 
of the book, readers are strongly encouraged to fully understand the modelling and 
variable selection in Example 7.2. 



EXAMPLE 7.3. 

Assume that the feedback control has been implemented on the mixing tanks 
problem with the goal of maintaining the outlet concentration near 3.0 percent. As 
an example of the control performance measures, the previous example is con¬ 
trolled using feedback principles. The disturbance was a step change in the feed 
concentration, x AB , of magnitude +1.0 at time = 20. A feedback control algorithm 
explained in the next chapter was applied to this process with two different sets of 
adjustable parameters in Cases A and B, and the resulting control performance 
is shown in Figure 7.10a and b and summarized as follows. 


Measure 

Case A 

Case B 

Offset from SP 

None 

None 

IAE 

7.9 

30.5 

ISE 

2.1 

12.8 

IE 

-6.9 

-30.5 

CV maximum deviation 

0.42 

0.66 

Decay ratio 

<.1 

(Overdamped) 

Period (min) 

37 

(Overdamped) 

MV maximum overshoot 

6.9/25 = 28% 

0% (expressed as % of 



steady-state change) 


The controlled variable in Case A returns to its desired value relatively quickly, 
as indicated by the performance measures based on the error. This response re¬ 
quires a more "aggressive” (i.e., faster) adjustment of the manipulated variable. 
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FIGURE 7.10 


Feedback responses for Example 7.3. (a) Case A; 

(b) Case B. 


The general trend in feedback control is to require fast adjustments in the manipu¬ 
lated variable to achieve rapid return to the desired value of the controlled variable. 
One might be tempted to generally conclude that Case A provides better control 
performance, but there are instances in which Case B would be preferred. The 
final evaluation requires a more complete statement of control objectives. 


Two important conclusions can be made based on Example 7.3. 


1. The desired control performance must be matched to the process requirements. 

2. Both the controlled and manipulated variables must be monitored in order to 
evaluate the performance of a control system. 
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7.5 s APPROACHES TO PROCESS CONTROL 

There could be many approaches to the control of industrial processes. In this 
section, five approaches are discussed so that the more common procedures are 
placed in perspective. 

No Control 

Naturally, the easiest approach is to do nothing other than to hold all input variables 
close to their design values. As we have seen, disturbances could result in large, 
sustained deviations in important process variables. This approach could have se¬ 
rious effects on safety, product quality, and profit and is not generally acceptable 
for important variables. However, a degrees-of-freedom analysis usually demon¬ 
strates that only a limited number of variables can be controlled simultaneously, 
because of the small number of available manipulated variables. Therefore, the 
engineer must select the most important variables to be controlled. 

Manual Operation 

When corrective action is taken periodically by operating personnel, the approach 
is usually termed manual (or open-loop ) operation. In manual operation, the mea¬ 
sured values of process variables are displayed to the operator, who has the ability 
to manipulate the final control element (valve) by making an adjustment in the 
control room to a signal that is transmitted to a valve, or, in a physically small 
plant, by adjusting the valve position by hand. 

This approach is not always bad or “low-technology,” so we should understand 
when and why to use it. A typical strategy used for manual operation can be related 
to the basic principles of statistical process control and can best be described with 
reference to the data shown in Figure 7.11. Along with the measured process vari¬ 
able, its desired value and upper and lower action values are plotted. The person ob¬ 
serves the data and takes action only “when needed.” Usually, the decision on when 
to take corrective action depends on the deviation from the desired value. If the pro¬ 
cess variable remains within an acceptable range of values defined by action limits, 
the person makes no adjustment, and if the process variable exceeds the action lim¬ 
its, the person takes corrective action. A slight alteration to this strategy could con¬ 
sider the consecutive time spent above (or below) the desired value but within the 
action limits. If the time continuously above is too long, a small corrective action 
can be taken to move the mean of the process variable nearer to the desired value. 

This manual approach to process control depends on the person; therefore, 
the correct application of the approach is tied to the strengths and weaknesses of 
the human versus the computer. General criteria are presented in Table 7.3. They 
indicate that the manual approach is favored when the collection of key information 
is not automated and has a large amount of noise and when slow adjustments with 
“fuzzy,” qualitative decisions are required. The automated approach is favored 
when rapid, frequent corrections using straightforward criteria are required. Also, 
the manual approach is favored when there is a substantial cost for the control effort; 
for example, if the process operation must be stopped or otherwise disrupted to 
effect the corrective action. In most control opportunities in the process industries, 
the corrective action, such as changing a valve opening or a motor speed, can be 
effected continuously and smoothly without disrupting the process. 
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Target 

Lower 


Time 


FIGURE 7.11 


Transient response of a process under manual control to 

stochastic disturbances. 


TABLE 7.3 

Features of manual and automatic control 


Control approach 

Advantages 

Disadvantages 

Manual 

Reduces frequency of control 

Performance of controlled 

operation 

corrections, which is 

variables is usually far from 


important when control 
actions are costly or disruptive 
to plant operation 

the best possible 


Possible when control action 

Applicable only to slow 


requires information not 
available to the computer 

processes 


Draws attention to causes of 

Personnel have difficulty 


deviations, which can then 

maintaining concentration 


be eliminated by changes in 
equipment or plant operation 
Keeps personnel’s attention 
on plant operation 

on many variables 

Automated 

Good control perfomance for 

Compensates for 

control 

fast processes 

disturbances but does not 
prevent future occurrences 


Can be applied uniformly to 

Does not deal well with 


many variables in a plant 

qualitative decisions 


Generally low cost 

May not promote people’s 
understanding of process 
operation 


Manual operation should be seen as complementary to the automatic ap¬ 
proaches emphasized in this book. Statistical methods for monitoring, diagnosing, 
and continually improving process operation find wide application in the process 


Approaches to Process 
Control 
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On-Off Control 

The simplest form of automated control involves logic for the control calcula¬ 
tions. In this approach, trigger values are established, and the control manipula¬ 
tion changes state when the trigger value is reached. Usually the state change is 
between on and off, but it could be high or low values of the manipulated variable. 
This approach is demonstrated in Figure 7.12 and was modelled for the common 
example of on-off control in room temperature control via heating in Example 3.4. 
While appealing because of its simplicity, on/off control results in continuous cy¬ 
cling, and performance is generally unacceptable for the stringent requirements of 
many processes. It is used in simple strategies such as maintaining the temperature 
of storage tanks within rather wide limits. 

Continuous Automated Control 

The emphasis of this book is on process control that involves the continuous sens¬ 
ing of process variables and adjustment of manipulated variables based on control 
calculations. This approach offers the best control performance for most process 
situations and can be easily automated using computing equipment. The types of 
control performance achieved by continuous control are shown in Figure 7.10a 
and b. The control calculation used to achieve this performance is the topic of the 
subsequent chapters in Part III. Since the control actions are performed continu¬ 
ously, the manipulated variable is adjusted essentially continuously. As long as the 
adjustments are not too extreme, constant adjustments pose no problems to valves 
and their associated process equipment that have been designed for this application. 

Emergency Controls 

Continuous control performs well in maintaining the process near its set point. 
However, continuous control does not ensure that the controlled variable remains 



FIGURE 7.12 

Example of a process under on/off control. 



within acceptable limits. A large upset can result in large deviations from the set 
point, leading to process conditions that are hazardous to personnel and can cause 
damage to expensive equipment. For example, a vessel may experience too high 
a pressure and rupture, or a chemical reactor may have too high a temperature 
and explode. To prevent safety violations, an additional level of control is applied 
in industrial and laboratory systems. Typically, the emergency controls measure 
a key variable(s) and take extreme action before a violation occurs; this action 
could include stopping all or critical flow rates or dramatically increasing cooling 
duty. 

As an example of an emergency response, when the pressure in a vessel with 
flows in and out reaches an upper limit, the flow of material into the vessel is 
stopped, and a large outflow valve is opened. The control calculations for emer¬ 
gency control are usually not complex, but the detailed design of features such as 
sensor and valve locations is crucial to safe plant design and operation. The topic 
of emergency control is addressed in Chapter 24. You may assume that emergency 
controls are not required for the process examples in this part of the book unless 
otherwise stated. 

In industrial plants all five control approaches are used concurrently. Plant 
personnel continuously monitor plant performance, make periodic changes to 
achieve control of some variables that are not automated, and intervene when 
equipment or controls do not function well. Their attention is directed to po¬ 
tential problems by audio and visual alarms, which are initiated when a process 
measurement exceeds a high or low limiting value. Continuous controls are ap¬ 
plied to regulate the values of important variables that can be measured in real 
time. The use of continuous controls enables one person to supervise the op¬ 
eration of a large plant section with many variables. The emergency controls 
are always in reserve, ready to take the extreme but necessary actions required 
when a plant approaches conditions that endanger people, environment, or equip¬ 
ment. 


7.6 □ CONCLUSIONS 

A review of the elements of a control loop and of typical dynamic responses of 
each element, with an example of transient calculation, shows that all elements in 
the loop contribute to the behavior of the controlled variable. Depending on the 
dynamic response of the process, the contributions of the instrument elements can 
be negligible or significant. Material in future chapters will clarify and quantify 
the relationship between dynamics and performance of the feedback system. 

The principles and methods for selecting variables and measuring control per¬ 
formance discussed here for a single-loop system can be extended to processes with 
several controlled and manipulated variables, as will be shown in later chapters. 

A key observation is that feedback control does not reduce variability in a 
plant, but it moves the variability from the controlled variables to the manipulated 
variables. The engineer’s challenge is to provide adequate manipulated variables 
that satisfy degrees of freedom and that can be adjusted without significantly 
affecting plant performance. 

The techniques used for continuous automated rather than manual control are 
emphasized because: 



1. As demonstrated by its wide application, it is essential for achieving good 
operation for most plants. 

2 . It provides a sound basis for evaluating the effects of process design on the 
dynamic performance. A thorough understanding of feedback control perfor¬ 
mance provides the basis for designing more easily controlled processes by 
avoiding unfavorable dynamic responses. 

3. It introduces fundamental topics in dynamics, feedback control, and stability 
that every engineer should master. The study of automatic control theory 
principles as applied to process systems provides a link for communication 
with other disciplines. 

In this chapter the feedback controller has been left relatively loosely defined. 
This has allowed a general discussion of principles without undue regard for a 
specific approach. However, to build systems that function properly, the engineer 
will require greater attention to detail. Thus, the most widely used feedback control 
algorithm will be introduced in the next chapter. 
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While, C., “Instrument Models for Process Simulation,” Trans. Inst. MC, 1, 
4, 187-194(1979). 

Additional references on the dynamic responses of pneumatic equipment can 
be found in 

Harriott, P., Process Control, McGraw-Hill, New York, 1964, Chapter 10. 

Instrumentation in the control loop performs many functions tailored to the 
specific process application. Therefore, it is difficult to discuss sensor systems in 
general terms. The reader is encouraged to refer to the instrumentation references 
provided at the end of Chapter 1. 

The description of elements in the loop is currently accurate, but the situation 
is changing rapidly with the introduction of digital communication between the 
controller and the field instrumentation along with digital computation at the field 
equipment. For an introduction, see 

Lindner, K., “Fieldbus—A Milestone in Field Instrumentation Technology,” 
Meas. and Cont., 23, 272-277 (1990). 
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For a discussion of the interaction between the plant personnel and the au¬ 
tomation equipment, see 

Rijnsdorp, J., Integrated Process Control and Automation, Elsevier, Amster¬ 
dam, 1991. 


Questions 


Many important decisions can be made based on the understanding of feedback 
control, without consideration of the control calculation. These questions give some 
practice in thinking about the essential aspects of feedback. 


QUESTIONS 

7 . 1 . Consider the CSTR in Figure Q7.1. No product is present in the feed stream, 
a single chemical reaction occurs in the reactor, and the heat of reaction is 
zero. Determine whether each of the following single-loop control designs 
is possible. [Hint: Does a causal process relationship exist?] Consider each 
question separately. 

(a) Control the product concentration in the reactor by adjusting the valve 
in the pure A pipe. 

( b ) Control the product concentration in the reactor by adjusting the valve 
in the coolant flow pipe. 

(c) Control the product concentration in the reactor by adjusting the valve 
in the solvent pipe. 

id) Control the temperature in the reactor by adjusting the valve in the 
pure A pipe. 

(e) Control the temperature in the reactor by adjusting the valve in the 
coolant flow pipe. 

(/) Control the temperature in the reactor by adjusting the valve in the 
solvent pipe. 



FIGURE Q7.1 

CSTR process 




7.2. Elements in a control loop in Figure 1 .Id are given in Table Q7.2 with their 
individual dynamics. The output signal is 0 to 100%, and the displayed 
controlled variable is 0 to 20 weight %. Determine the response of the 
indicator (or controller input) to a step change in the output signal from the 
manual station (or controller output). 

(a) The time unit in the models is not specified. Using engineering judg¬ 
ment, what units would expect to be correct: seconds, minutes, or 
hours? 

( b ) First estimate the response, f 63 %, using an approximate method. 

(c) Give an estimate for how much the sensor, transmission, and valve 
dynamics affect the overall response. 

( d ) Determine the response by solving the entire system numerically. 


TABLE Q7.2 


Dynamic models 


Element 

Units 

Case A 

Case B 

Manual station 

psi/% output 

0.083 

0.083 

Transmission 


1.0/(1.3s +1) 

1.0 

Signal conversion 

psi/mA 

0.75/(0.5s + 1) 

0.75/(0.5s + 1) 

Final element 

%open/psi 

8.33/(1.5s + 1) 

8.33/(1.5s + 1) 

Process 

m 3 /psi 

0.50e - °- 5 7(30s +1) 

0.50e -2 °7(30s +1) 

Sensor 


1.0/(ls + l) 

1.0/(10$ +1) 

Signal conversion 

mA/mV 

— 

— 

Transmission 


1.0 

1.0 

Display 

wt%/mA 

1.25/(1.0s + 1) 

1.25/(1.0s +1) 


7.3. For the series reactors in Figure Q7.3, the outlet concentration is controlled 
at 0.414 mole/m 3 by adjusting the inlet concentration. At the initial base 
case operation, the valve is 50% open, giving Cao = 0.925 mole/m 3 . One 
first-order reaction A -*■ B occurs; the data are V = 1.05 m 3 , F = 0.085 
m 3 /min, and k = 0.040 min -1 . The process transfer function is derived 
in Example 4.2 as Cm(s)/Cao(s) = 0.447/(8.25$ + l) 2 ; the additional 
model relates the valve to inlet concentration, which for a linear valve and 
small flow of A (F » Fa) gives Cao(s)/v(s) = 0.925/50 = 0.0185 
(mole/m 3 )/% open; you may assume for this question that the sensor dy¬ 
namics are negligible. Answer the following questions about the operating 
window of the process: 

(a) Can the desired value of Ca 2 = 0.414 mole/m 3 be achieved if the 
solvent flow changes from its base value of 0.085 m 3 /min to 0.12 
m 3 /min? 

( b ) Can the desired value of Cm. = 0.414 mole/m 3 be achieved if the 
concentration of A in the solvent changes from its base value of 0.0 to 
1.0 mole/m 3 ? 

(c) Can the outlet concentration of A be increased to 0.828 mole/m 3 ? 


Pure A 
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Solvent 



Questions 


7.4. (a) Discuss the three types of disturbances described in this chapter and 

give a process example of how each could be generated by an upstream 
process. 

(b) An alternative disturbance is a pulse function. Describe a pulse func¬ 
tion, give control performance measures for a pulse disturbance, and 
give a process example of how it could be generated by an upstream 
process. 

7 . 5 . Dynamic responses for several different control systems in response to 
a change in the set point are given in Figure Q7.5. Discuss the control 
performance of each with respect to the measures explained in Section 7.4. 
(Note that the control performance cannot be evaluated exactly without a 
better definition of control objectives. Further exercises will be given in 
later chapters, when the objectives can be more precisely defined.) 

7 . 6 . A process with controls is shown in Figure Q7.6. The objective is to achieve 
a desired composition of B in the reactor effluent. The process consists of a 
feed tank of reactant A, which is maintained within a range of temperatures 
and is fed into the reactor, where the following reactions take place. 

A-)- B 
A —► C 

If the reactor level is too high, the pump motor should be shut off to prevent 
spilling the reactor contents. Identify at least one variable that is controlled 
by each of the five approaches to control presented in this chapter. Discuss 
why the approach is (or is not) a good choice. 

7 . 7 . Note that the electrical and pneumatic transmission ranges have a nonzero 
value for the lowest value of the range. Why is this a good selection for the 
range; that is, what is the advantage of this range selection? 













7 . 8 . Confirm that the gains in the instrument models used in Example 7.1 are 
reasonable. The sensor is an iron-constantan thermocouple. 

7 . 9 . The proposal was made to select the control pairing for one single-loop 
controller for the nonisothermal CSTR in Section 3.6 and Figure 3.17. 
Evaluate each using the criteria in Section 7.3. 

(a) Control the reactor temperature by adjusting the coolant flow rate. 

( b ) Control the reactant concentration in the reactor by adjusting the coolant 
flow rate. 

(c) Control the coolant outlet temperature by adjusting the coolant flow 
rate. 

7 . 10 . The proposal was made to make one of the control pairings for the binary 
distillation tower in Example 5.4. Evaluate each using the criteria in Section 
7.3. 

(a) Control the distillate composition by adjusting the reboiler heating 
flow. 

(b) Control the distillate composition by adjusting the distillate flow. 

(c) Control both the distillate and bottoms compositions simultaneously 
by adjusting the reboiler heating flow. 

7 . 11 . Answer the following questions, which address the range of a control sys¬ 
tem. 

(a) The process in Example 1.1 (in Appendix I) is to control the process 
temperature after the mix by adjusting the flow ratio. Over what range 
of inlet temperatures 7o can the outlet temperature T 3 be maintained 
at 90°C? 

( b ) The nonisothermal CSTR in Section C.2 (in Appendix C) is to be 
operated at 420 K and 0.20 kmole/m 3 . Can this condition be achieved 
for the range of inlet concentration (Cao) of 1.0 to 2.0 mole/m 3 and 
coolant flow rate (F c ) of 0 to 16 m 3 /min? If not, which range(s) has to 
be expanded and by how much? 

(c) For the CSTR in Example 3.3, can the outlet concentration of reactant 
be controlled at 0.85 mole/m 3 by adjusting the inlet concentration? By 
adjusting the temperature of one reactor? 

7.12. Answer the following questions on selecting control variables. Are there 
any limitations to the operating conditions for your answers? 

(a) In Example 1.2 (in Appendix I), can the outlet concentration be con¬ 
trolled by adjusting the solvent flow rate? 

(b) How many valves influence the liquid level in the flash drum in Figure 
1.8? Which of these valves would you recommend for use in feedback 
control? 

(c) In Figure 2.6, through adjustments of the air flow rate, can (i) the 
efficiency and (ii) the excess oxygen in the flue gas be controlled? 

7 . 13 . Evaluate the control design in Figure Q7.6. 

(a) Prepare a table for the selection of measured controlled variables based 
on the seven control objectives using the format presented in Section 
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7.3. Do you find measured control variables in Figure Q7.6 to be cor¬ 
rectly selected? 

(b) Prepare a table for the selection of a control valve (final element) to 
be connected to each controlled variable using the format presented in 
Section 7.3. Do you find the connections in Figure Q7.6 to be correctly 
selected? 

7.14. For the process shown in Figure 1.8, 

(a) Prepare a table for the selection of measured controlled variables based 
on the seven control objectives using the format presented in Section 
7.3. 

( b ) Prepare a table for the selection of a control valve (final element) to 
be connected to each controlled variable using the format presented in 
Section 7.3. 

(Note: This is a challenging exercise, but it will help you to understand 
the manner that many single-loop controllers can be used to control a 
complex process. Do the best you can at this point; multiple-loop systems 
are addressed in detail later in the book.) 

7.15. Sketch the operating window for the three-tank mixing process. The vari¬ 
ables on the axes, which define the operating window, are (1) the outlet 
concentration (defining the range of achievable desired product) and (2) 
the concentration of A in the feed B, (jca)b (defining the range of distur¬ 
bances that can be compensated by adjusting the valve). Discuss the shape 
of the window; is it rectangular? 



The PID 


Algorithm 



8.1 bd INTRODUCTION 


Continuous feedback control offers the potential for improved plant operation by 
maintaining selected variables close to their desired values. In this chapter we 
will emphasize the control algorithm, while remembering that all elements in the 
feedback loop affect control performance. Engineers should fully understand the 
algorithm for three reasons. First, the performance of the entire feedback system 
depends on the structure of the algorithm and the parameters used in the algorithm. 
Second, all other elements are process equipment and instrumentation, which are 
costly and time-consuming to alter, so a key area of flexibility in the loop is the 
control calculation. Third, while engineers use only a few algorithms, as will be 
explained, they are responsible for determining the values of adjustable parameters 
in the algorithms. 

In this chapter, we will learn about the proportional-integral-derivative (PID) 
control algorithm. The PID algorithm has been successfully used in the process 
industries since the 1940s and remains the most often used algorithm today. It 
may seem surprising to the reader that one algorithm can be successful in many 
applications—petroleum processing, steam generation, polymer processing, and 
many more. This success is a result of the many good features of the algorithm, 
which are covered initially in this chapter and expanded on and evaluated in later 
chapters. 

This algorithm is used for single-loop systems, also termed single input- 
single output (SISO), which have one controlled and one manipulated variable. 
Usually, many single-loop systems are implemented simultaneously on a process, 
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and the performance of each control system can be affected by interaction with the 
other loops. However, the next few chapters will concentrate on ideal single-loop 
systems, in which interaction is negligible or nonexistent; extensions, including 
interaction, are covered in Parts V and VI. 

As we cover the PID control algorithm here and in subsequent chapters, we 
will address important theoretical issues in feedback control including stability, 
frequency response, tuning, and control performance. Thus, by covering the PID 
controller in depth, we will acquire key analytical techniques applicable to all 
feedback control systems, including PID and alternative control algorithms, along 
with important knowledge about current practice. 


8.2 □ DESIRED FEATURES OF A FEEDBACK 
CONTROL ALGORITHM 

Many of the desired characteristics for feedback control were discussed in the 
previous chapter under quantitative measures of control performance. Here, a few 
of these characteristics are extended for use in this and upcoming chapters. 


Key Performance Feature: Zero Offset 

The performance measures discussed previously could be combined into two cat¬ 
egories: dynamic (IAE, ISE, damping ratio, settling time, etc.) and steady-state. 
The steady-state goal—returning to set point—is further discussed here. This goal 
can be stated mathematically as follows by using the final value theorem, 

lim E(t) = \im sE(s) = 0 (8.1) 

f—>00 5—>0 

with E denoting the error: the difference between the (desired value) set point 
and (measured) controlled variable. It would seem unreasonable to demand that 
the control system return to set point for all fluctuations in inputs. Therefore, we 
select the most important, most often occurring input (disturbance) variation from 
among the following cases: 

1. The input variable varies but ultimately returns to its initial value; an example 
is a pulse. For this input type most (but not all) processes would require no 
feedback control to satisfy the condition in equation (8.1). 

2. The input variable varies for some time and then attains a steady value different 
from its initial value; this type we shall term steplike, because the transition 
from initial to different final value does not have to be a perfect step. Feedback 
control is required to achieve zero steady-state offset. 

3. The input variables never attain a steady state; for this discussion, a ramp input 
is often considered, D{t) = at, D(s ) = a/s 2 . 

Case 2 is the most typical situation, while case 3 occurs occasionally, as in a batch 
system where the set point is changed as a ramp. For case 2, the expression in 
equation (8.1) becomes 

lim E(t) = lim sE(s) = lim s () G(s) = 0 

t-*oo s-> 0 s-> 0 \ S J 


( 8 . 2 ) 
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where G(s) = E(s)/X(s), and AT(j) is the input disturbance D(s) or set point 
change SP(s). By satisfying equation (8.2), the control algorithm is guaranteed to 
return the controlled variable to its set point for that particular process and input 
function. Note that systems satisfying equation (8.2) are not guaranteed to achieve 
zero steady-state offset for other inputs, such as a ramp. To evaluate the control 
performance in this chapter, a step input, X(s) = 1 /s, will be used, because it 
represents the most commonly occurring situation; other inputs will be considered 
in later chapters. 

Insensitivity to Errors 

As we learned in Part II, we can never model a process exactly. Because parameters 
in all control algorithms depend on process models, control algorithms will always 
be in error despite our best modelling efforts. Therefore, control algorithms should 
provide good performance when the adjustable parameters have “reasonable” er¬ 
rors. Naturally, all algorithms will give poor performance when the adjustable 
parameter errors are very large. The range of reasonable errors and their effects on 
control performance are studied in this and several subsequent chapters. 

Wide Applicability 

The PID control algorithm is a simple, single equation, but it can provide good con¬ 
trol performance for many different processes. This flexibility is achieved through 
several adjustable parameters, whose values can be selected to modify the behavior 
of the feedback system. The procedure for selecting the values is termed tuning, 
and the adjustable parameters are termed tuning constants. 

Timely Calculations 

The control calculation is part of the feedback loop, and therefore it should be 
calculated rapidly and reliably. Excessive time for calculation would introduce an 
extra slow element in the control loop and, as we shall see, degrade the control 
performance. Iterative calculations, which might occasionally not converge, would 
result in a loss of control at unpredictable times. The PID algorithm is exceptionally 
simple—a feature that was crucial to its initial use but is not as important now due 
to the availability of inexpensive digital computers for control. Because of its wide 
use, the PID controller is available in nearly all commercial digital control systems, 
so that efficiently programmed and well-tested implementations are available. 

Enhancements 

No single algorithm can address all control requirements. A convenient feature of 
the PID algorithm is its compatibility with enhancements that provide capabilities 
not in the basic algorithm. Thus, we can enhance the basic PID without discarding 
it. Many of the common enhancements are presented in Part IV. 

The main goal of this chapter is to explain the PID algorithm fully. Each ele¬ 
ment of the algorithm is termed a mode and uses the time-dependent behavior of the 
feedback information in a different manner, as indicated by the name proportional- 
integral-derivative. Each mode of the equation and the key capability it provides 


Desired Features of a 
Feedback Control 
Algorithm 
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Overview schematic of a PID control loop. 
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are discussed thoroughly. The complete PID equation, which is the sum of the 
three modes as shown in Figure 8.1, is then reviewed, and a few example control 
responses are presented. The reader is cautioned that there is no consistency in 
commercial control equipment regarding the sign of the subtraction when form¬ 
ing the error; the convention used in this book is E(t) = SP(f) — CV(t). Some 
preprogrammed equipment uses the opposite sign, a factor that does not affect 
the principles of this book but certainly affects the performance of actual control 
systems! (Since the error is multiplied by one of the adjustable tuning constants, 
the sign of the constant can be adapted to the sign of the error to give the desired 
direction of the control manipulation.) 

8.3 0 BLOCK DIAGRAM OF THE FEEDBACK LOOP 

In this chapter, key quantitative features of a dynamic process controlled by the 
proportional-integral-derivative (PID) controller will be presented. Since all ele¬ 
ments in the loop affect the dynamic behavior, the modelling must combine the 
individual models of the process, instrumentation, and controller into one overall 
dynamic model of the loop. We learned in Chapter 4 how to combine individual 
models using block diagrams. Therefore, we begin the analysis of the control loop 
by deriving the transfer function models of the loop based on its constituent ele¬ 
ments using block diagram algebra. By using general symbols of each of the loop 
elements, e.g., G p (s) for the process, we will derive overall transfer function mod¬ 
els applicable to many specific systems. The model for any specific control loop 
can be developed by substituting the element models, e.g., G p (s) = K p /{xs +1) 2 
for a second-order process. 

The block diagram is shown in Figure 8.2 with the terminology that will be 
used throughout the book. Notice that the equipment elements in the feedback loop 
are collected into three transfer functions: the valve or final element, G v (s); the 
process, G p (sy, and the sensor, G s (s). The computing element is the controller 
G c (s). The process output variable selected to be controlled is termed the controlled 
variable, CW(s), and the process input variable selected to be adjusted by the 
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Transfer Functions 
G c (s) = Controller 

C v (r) = Transmission, transducer, and valve 
C p (s) = Process 

G s (s) = Sensor, transducer, and transmission 
Gj(s) = Disturbance 


Variables 

CV(s) = Controlled variable 

CV m (s) = Measured value of controlled variable 

D(s) = Disturbance 

E(s) = Error 

MV(s ) = Manipulated variable 
SP(s) = Set point 

FIGURE 8.2 


Block diagram of a feedback control system. 


Block Diagram of the 
Feedback Loop 


control system is termed the manipulated variable, MV(s). The desired value, 
which must be specified independently to the controller, is called the set point, 
SP(s); it is also called the reference value in some books on automatic control. 
The difference between the set point and the measured controlled variable is termed 
the error, E(s). An input that changes due to external conditions and affects the 
controlled variable is termed a disturbance, D(s), and the relationship between the 
disturbance and the controlled variable is the disturbance transfer function, G d (s). 
First, the transfer function of the controlled variable to the disturbance variable, 
CV(s)/D(s), is derived, with the change in the set point, SP(s), taken to be zero. 

The system involves a recycle, since the process output variable is used in de¬ 
termining the process input variable—our definition of feedback; therefore, special 
care must be taken in deriving the transfer function. The four-step procedure pre¬ 
sented in Chapter 4 is used here. The first step is to begin with the variable in the 
numerator of the transfer function, which in this case is CV(s). In the second step, 
the expression for this variable as a function of input variables is derived in reverse 
direction to the information flow in the block diagram. The result is 

CV(s) = G p (s)G v (s)MV(s) + G d (s)D(s) 

= G p (s)G v (s)G c (s)Gs(s)[CV(s)] + G d D(s) K ' 

This procedure is followed until one of two situations is reached: the numerator 
variable can be expressed as a function of the denominator variable alone (which 
occurs for series systems), or the numerator variable can be expressed as a function 
of itself and the denominator variable (which occurs for a simple feedback system). 
The expression in equation (8.3) is clearly of the second type. The third step in 
the procedure is to rearrange the equation so that the variables are separated as 
follows: 


[1 + G p (s)G v (s)G e (s)G s (s)]CV(s) = G d (s)D(s) 


( 8 . 4 ) 
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Equation (8.4) can be rearranged to yield the closed-loop disturbance transfer 
function, and the same procedure can be used to derive the set point transfer 
function. 


Closed-loop transfer functions for a feedback loop 


Disturbance response: 

CV(5) 

G d (s) 

(8.5) 

D(s) - 

1 + G p (s)G v (s)G c (s)G s (s) 

Set point response: 

GV(i) 

Gp(s)G v (s)G c (s ) 

(8.6) 

SPG) " 

\ + G p (s)G v (s)G e (s)GAs) 


In summary, the block diagram procedure for deriving a transfer function involves 
four steps: 

1. Select the numerator of the transfer function. 

2. Solve in reverse direction to the causal relationships (arrows) in the block 
diagram to eliminate all variables except the numerator and denominator in 
the transfer function. 

3. Separate variables in the equation. 

4 . Divide by the denominator variable to complete the transfer function. 

For simple systems like the one in Figure 8.2, the foregoing procedure will yield 
the transfer function. In more complex systems, it will not be possible to eliminate 
all intermediate variables immediately in step 2. Therefore, steps 2 and 3 must be 
performed several times, as will be demonstrated in later chapters. 

The use of block diagrams entails one potential difficulty, especially for the 
person just learning process control. Since the block diagram represents the model 
of the system, there is no distinction in the symbols used for various physical com¬ 
ponents in the system. For example, the block diagram in Figure 8.2 represents a 
system composed of elements from the process, G p (s) and Gj(s); instrumenta¬ 
tion, G v (s ) and G s (s); and acontrol calculation performed by acomputing device, 
G c (s). 

Two generalizations can be made about the closed-loop transfer functions to 
assist in checking the derived transfer functions using block diagram manipula¬ 
tions. First, the numerator is simply the product of all transfer functions between 
the input (denominator variable) and the output (numerator variable). Second, the 
denominator of the right-hand side is of the form 1 + G"(s). The term G”(s) is 
the product of all elements in the feedback loop. These guidelines can be checked 
by applying them to equations (8.5) and (8.6). 

Finally, the transfer function notation is often simplified by lumping all in¬ 
strumentation and process dynamics into one term, G p (s). This is equivalent to 
the following expression. 

G p (s) = G' p (s)G v (s)G s (s) (8.7) 

with G' p (s ) being the process alone. This is a natural simplification, since the dy¬ 
namics of all elements from the controller output to the controller input contribute 
to the control system performance. Also, when the dynamics are determined em- 




pirically, the only model determined is the overall product of all instrumentation 
and process elements, and the individual elements are not known. The resulting 
simplified transfer function is 


CV(5) 


Gd 


with G p {s) = G'Js)G v (s)G s (s) (8.8) 


D(s) 1 + G p (s)G c (s) 

This simplification is not used when the effects of sensors and final elements 
are to be shown clearly; however, it is used often to simplify notation. If the 
process transfer function G p (s) is shown in a closed-loop block diagram or transfer 
function without the sensor and final element, the reader should assume that it 
includes the dynamics of the sensor and final element, since feedback control 
requires all elements in the loop. 
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The block diagram analysis yields several valuable results: 

1. The block diagram provides a visual “picture of the equations” showing the 
feedback loop. 

2. The general closed-loop transfer function model can be applied to any specific 
system by substituting the transfer function models for the loop elements. 

3. Entries in the overall transfer function denominator demonstrate that only the 
elements in the feedback loop affect the system stability; neither the disturbance 
nor the set point change affects stability. 


The results of the block diagram analysis are not restricted to the proportional- 
integral-derivative (PID) controller. Any linear controller algorithm [G t .(i )] would 
yield the conclusions in the boxed highlight above. 


8.4 □ PROPORTIONAL MODE 


It seems logical for the first mode to make the control action (i.e., the adjustment 
to the manipulated variable) proportional to the error signal, because as the error 
increases, the adjustment to the manipulated variable should increase. This concept 
is realized in the proportional mode of the PID controller: 


Proportional mode: 


MVp(r) = K c E(t) + I p 


G c (s) = 


MV p (s) = 

E(s) 


(8.9) 


The controller gain K c is the first of three adjustable parameters that enable 
the engineer to tailor the PID controller to various applications. The controller 
gain has units of [manipulated]/[controlled] variables, which is the inverse of the 
process gain K p . Note that the equation includes a constant term or bias, which 
is used during initialization of the algorithm I p . During initialization the value 
of the manipulated variable should remain unchanged; therefore, the initialization 
constant can be calculated at the time of initialization as 


I p = [MV(r) - K c E(t)] |, =0 (8.10) 

The behavior of the proportional mode is summarized in Figure 8.3a and b. In 
deviation variables, a plot of manipulated variable versus error gives a straight line 


MV(r)-MV 5 



(a) 


MV(0 




K C E 


Time 

Note: E(t) = constant 
(b) 


FIGURE 8.3 

Summary of proportional 
mode. 
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with slope equal to the controller gain and zero intercept. A plot of the manipulated 
variable versus time for constant error gives a constant value. 

Although the concept seems logical, we do not yet know whether the control 
performance of the proportional controller satisfies the desired control performance 
goals presented in the previous chapter and Section 8.2. To evaluate performance 
it is useful to have the closed-loop transfer function. The transfer function for 
the disturbance response of the system in Figure 8.2 is given in equation (8.5). 
Substituting the transfer function model for a proportional controller, G c (s ) = K c , 
gives the following transfer function: 

CV(J) _ grfCO am 

D(s) 1 +G p (s)G v (s)K c G s (s) 

One of the most important goals in control performance is zero offset at the fi¬ 
nal steady state. For a disturbance response, the zero steady-state offset requires 
E'{t) |,_>oo= -CV'(r) |,-oo= 0. 


EXAMPLE 8.1. 

The three-tank mixing process under control modelled in Example 7.2 is now an¬ 
alyzed. Recall that the feedback and disturbance processes are third-order. The 
steady-state value for error under proportional control can be determined by re¬ 
arranging equation (8.11), substituting the models for G p (s ) and G d (s), and apply¬ 
ing the final value theorem to the system with a steplike disturbance, D(s ) = A D/s. 
Recall that the valve transfer function is included in G p (s), and the sensor transfer 
function is assumed to be unity, implying instantaneous, error-free measurement. 

G s (s) = 1 G p (s)G v (s) = — G d (s) = K ‘ G c (s) = K c 

(r s + l) 3 (rs + l) 3 


CV'(r) l,-^ = lim 

5—*0 


(s)(AD/s)- 


^(^Tr)(^Tr)(drr) 


K d AD 
1 + K C K P 


5*0 


( 8 . 12 ) 


Note that the feedback control system with proportional control does not 
achieve zero steady-state offset! This result can be understood by recognizing 
the proportional relationship between the error and the manipulated variable in the 
controller algorithm; the only way in which the control equation (8.9) can have the 
error return to zero is for the value of the manipulated variable to return to its initial 
condition. However, for the error to be zero in the process equation, the manipu¬ 
lated variable must be different from its initial value, because it must compensate 
for the disturbance. Thus, steady-state offset occurs with proportional-only control. 
This is a serious shortcoming, which must be corrected by one of the remaining 
two modes. 


EXAMPLE 8.2. 

Another important property of a control system is a fast response to a disturbance 
or set point change. The expression for a disturbance response is analyzed using 
equation (8.11) for a simple process with the disturbance and feedback processes 
being first-order with the same time constant. This system can be thought of as the 






heat exchanger in Example 3.7 and has been selected to simplify the analytical 
solution. 
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Gp(s) = G d (s) = -%r G c (s) = K c 

ts + 1 r.y + 1 

K d Kd 

cv(j) T5 + i ^ i + * c g, 

D(s) K c K p / r \ 

,+ r* + i \i+ k c j:J j+1 


(8.13) 


with A: c A:p > 0 for negative feedback control. The analytical solutions for the step 
disturbance response, D(s) = AD/s,forthe process with and without proportional 
control are 


Proportional Mode 


CV'(r) = ADK d (\ - e ,/r ) (no control) 


(8.14) 


CV'(f) = (1 _ e -'/lr/(l+ATc^)l) 

1 + K c Kp 


(proportional control) 


(8.15) 


Equation (8.15) demonstrates that the feedback controller alters both the time 
constant of the closed-loop system and the final deviation from set point by a 
factor of 1/(1 + K C K P ) for a first-order process. This means that the feedback 
system responds faster than the open-loop system to a step disturbance and has 
a smaller deviation from set point. Both of these modifications to the system 
behavior are generally desired. The results in equation (8.15) indicate that as the 
controller gain is increased, the final value of the error decreases in magnitude 
and the system reaches steady state faster. We might be tempted to generalize this 
result (improperly) to all systems and apply high controller gains to all processes. 

To test this idea on a more complex process, several dynamic responses for 
the linearized model of the three-tank mixing process under proportional control 
are shown in Figure 8.4a through d. Again, the input is a step disturbance in the 
feed concentration. The case without control (K c = 0) shows the response of a 
third-order system to a step input; it is overdamped and reaches a final value of the 
disturbance magnitude. As the controller gain is increased to 10, the final value 
of the error decreases, as predicted by equation (8.12). Also, the time to reach the 
steady state decreases; that is, the dynamic response becomes faster, as predicted. 
As the controller gain is increased to 100, the nature of the dynamic response 
changes from overdamped to underdamped. As the controller gain is increased 
further to 220, the system becomes unstable! 

These results demonstrate an important feature of feedback control systems: 
the closed-loop response can become underdamped and ultimately unstable as the 
controller parameters are adjusted to make the controller very aggressive (increas¬ 
ing the controller gain, K c ). This example suggests, and later theoretical analysis 
will confirm, that it is generally not possible to maintain the controlled variable 
close to the set point by setting the controller gain to a very large value (although 
this approach would work for the first-order process in Example 8.2). The reasons 
for the instability and methods for predicting the stability limits are presented in 
Chapter 10 after the control algorithm has been fully explained. 




FIGURE 8.4 


Disturbance responses for three-tank mixing process under proportional control subject to 
a disturbance in feed composition (jc a )b of 0.8%A and K c = [%open/(%A)]: (a) without 
control; ( b ) with proportional control, K c = 10; (c) with proportional control, K c = 100; 
(d) with proportional control, K c = 220. 



Time 

Note: E(t) = constant 


FIGURE 8.5 


The proportional mode is simple, provides a rapid adjustment of the manipulated 
variable, does not provide zero offset although it reduces the error, speeds the dy¬ 
namic response, and can cause instability if tuned improperly. 


8.5 0 INTEGRAL MODE 


Since the proportional mode does not completely eliminate the effects of distur¬ 
bances, the next mode should be “persistent” in adjusting the manipulated variable 
until the magnitude of the error is reduced to zero for a steplike input. This result 
is achieved by the integral mode: 


Integral mode: 


MV/(t) = ^ f E(t')dt' + h 
it Jo 


G c (s) 


MVi(s) 

E(s) 


Kc_ 

T,s 


(8.16) 


Summary of the behavior of the integral 
mode. 


The new adjustable parameter is termed the integral time, 7>, which has the units 
of time; it is combined with the controller gain in equation (8.16) because this is 










the conventional form of the integral mode used in the commercial PID controller. 
This form is used throughout the book for consistency and so that later correlations 
for parameter values can be used. Again, the integral mode equation has a constant 
of initialization. 

The behavior of the integral mode is summarized in Figure 8.5. For a constant 
error, the manipulated variable increases linearly with a slope of E[t)KJ T /. This 
behavior is different from the proportional mode, in which the value is constant 
over time for a constant error. 


EXAMPLE 8.3. 

The effect of the integral mode can be determined by evaluating the offset of 
the three-tank mixing process under integral-only control for a step disturbance, 
D(s) = AD/s. 


G v (s)G p (s) = 


CV'(r) |,=oo = lim 

s -*0 


= 0 


K n 


GAs ) = 


K d 


G c (s) = —- 
T/s 


(zs + iy w,v "“ (xs + 1)3 

.‘«teW;7TT)fcTT)(;7iT)J 


GAs) = 1 


(8.17) 


The integral control mode achieves zero steady-state offset, which is the primary 
reason for including this mode. 


Again, some dynamic responses of the three-tank mixing process are plotted, 
this time with an integral controller, in Figure 8.6a and b. As can be seen, the 
manipulation of the controller output is slower for integral-only control than for 
proportional-only control. As a result, the controlled variable returns to the set 
point slowly and experiences a larger maximum deviation. If the integral time is 
reduced small enough, as in Figure 8.6 b, the controller will be very aggressive, 
and the system will become highly oscillatory; further reduction in T) can lead 
to an unstable system. Under integral-only control with properly selected tuning 
constants, the controlled variable returns to its set point, but the other aspects of 
control performance are usually not acceptable. In summary: 


The integral mode is simple; achieves zero offset; adjusts the manipulated variable in 
a slower manner than the proportional mode, thus giving poor dynamic performance; 
and can cause instability if tuned improperly. 


8.6 □ DERIVATIVE MODE 

If the error is zero, both the proportional and integral modes give zero adjustment 
to the manipulated variable. This is a proper result if the controlled variable is not 
changing; however, consider the situation in Figure 8.7 at time equal to t when 
the disturbance just begins to affect the controlled variable. There, the error and 
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Derivative Mode 




(a) 



m 

FIGURE 8.6 

Three-tank mixing process under 
integral-only control subject to a 
disturbance in feed composition (jca)b of 
0.8%A and K c = [%open/%A], 
77 = [min]: (a) K c - 1,7V = 1; 
lb ) K e = 1, 7V = 0.25. 
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FIGURE 8.7 

Assumed effect of disturbance on 
controlled variable. 


integral error are nearly zero, but a substantial change in the manipulated variable 
would seem to be appropriate because the rate of change of the controlled variable 
is large. This situation is addressed by the derivative mode: 


Derivative mode: 


dE(t) 

MV rf (t) = K c T d —^- + I d 


G c 


M WAs) 
E(s) 


— KcT d S 


(8.18) 


The final adjustable parameter is the derivative time T d , which has units of time, 
and the mode again has an initialization constant. Note that the proportional gain 
and derivative time are multiplied together to be consistent with the conventional 
PID algorithm. 

Some further insight can be gained by examining the following development of 
a proportional-derivative controller (Rhinehart, 1991). Again consider the dynamic 
response in Figure 8.7, in which the data available at the current time t, which is 
at the beginning of the disturbance response; is shown by the solid line. The future 
response that would be obtained without feedback control is shown as the dotted 
line; note that this is simply the disturbance response. The value of the E s , the total 
effect of the disturbance on the controlled variable as time approaches infinity, can 
be predicted using the assumption that the error is following a first-order response 
with a time constant equal to the disturbance process time constant: 


dE 

T d — + E = E t 
dt 


(8.19) 


Since the error will increase to E s ultimately, the manipulated variable will have to 
be adjusted by a value proportional to E s , or MV' = E s /K c . Rather than wait until 
the error becomes large, when the proportional and integral modes would adjust 
the manipulated variable, the controller could anticipate the future error using the 
foregoing equation to give 


MV = K C ^E + x d ^j + l d 


( 8 . 20 ) 


B 


X A0 



Thus, the proportional-derivative modes are a natural result of the assumption 
that the error will respond as given in Figure 8.7. If the assumption is good, the 
derivative mode may improve the control performance. 

The behavior of the calculation for the derivative-only mode is shown in 
Figure 8.8. When the controlled variable is constant, the derivative mode makes 
no change to the manipulated variable. When the controlled variable changes, the 
derivative mode adjusts the manipulated variable in a manner proportional to the 
rate of change. 

EXAMPLE 8.4. 

The offset of a derivative controller can be determined by applying the final value 
theorem to the three-tank mixing process for a step disturbance, D(s) = A D/s. 
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Example of the calculation of the derivative mode with constant 

set point. 


Derivative Mode 


G v (s)G p (s) = 


K n 


G d (s) = 


K d 


G c (s) = K c T d s 


CV(t) |, =00 = Um 

i-»0 


(w + l)S ° w (r* + l) 3 

(sXAD/s)K, ) (^jTf ) (dfl ) 


1 + 

= K d AD^0 




( 8 . 21 ) 


As is apparent, the derivative mode does not give zero offset. In fact, it does not 
reduce the final deviation below that for a system without control for any distur¬ 
bance whose derivative tends toward zero as time increases; thus, its only benefit 
can be in improving the transient response. Since the derivative is never used as 
the only controller mode, dynamic responses are not included in this section, but 
dynamic responses for the PID controller will be given. 


The derivative mode amplifies sudden changes in the controller input signal, 
causing potentially large variation in the controller output that can be unwanted for 
two reasons. First, step changes to the set point lead to step changes in the error. The 
derivative of a step change goes to infinity or, in practical cases, to a completely 
open or closed control valve. This control action could lead to severe process upsets 
and even to unsafe conditions. One approach to prevent this situation is to alter the 
algorithm so that the derivative is taken on the controlled variable, not the error. 
The modified derivative mode, remembering that E(t) = SP(f) — CV(f), is 

dCV(t) 

MV AO = —K c Td——— + l d (8.22) 

at 

While equation (8.22) reduces the extreme variation in the manipulated 
variable resulting from set point changes, it does not solve the problem of 
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high-frequency noise on the controlled-variable measurement, which will also 
cause excessive variation in the manipulated variable. An obvious step to reduce 
the effects of noise is to reduce the derivative time, perhaps to zero. Other steps to 
reduce the effects of noise are presented in Chapter 12. In summary: 


The derivative mode is simple; does not influence the final steady-state value of error; 
provides rapid correction based on the rate of change of the controlled variable; and 
can cause undesirable high-frequency variation in the manipulated variable. 


8.7 B THE PID CONTROLLER 

Naturally, it is desired to retain the good features of each mode in the final control 
algorithm. This goal can be achieved by adding the three modes to give the final 
expression of the PID controller. Where the derivative mode appears, two forms 
are given: (a) the standard and (6) the form recommended in this book because it 
prevents set point changes from causing excessive response, as described in the 
preceding section. 


Time-Domain Controller Algorithms 


PROPORTIONAL-INTEGRAL-DERIVATIVE. 

MV(0 = K c ( E(t) + jrf‘ E(t') dt' + + I (8.23 a) 


MV(0 = K c (£(0 + ^ jf E{t')dt' - 


+ / (Recommended) 
(8.236) 


Again, the controller has an initialization constant. Depending on the desired per¬ 
formance, various forms of the controller are used. The proportional mode is nor¬ 
mally retained for all forms, with the options being in the derivative and integral 
modes. The most common alternative forms are as follows: 


PROPORTIONAL-ONLY CONTROLLER. 

MV(0 = K c [E(t)] + I (8.24) 

PROPORTIONAL-INTEGRAL CONTROLLER. 

MV(0 = K c (Eit) + jr f‘ W) dA + I (8.25) 

PROPORTIONAL-DERIVATIVE CONTROLLER. 

MV(0 = K c (^E(t) + + / (8.26a) 

MV(r) = K c ^£(0 - + I (Recommended) (8.266) 




Selection from among the four forms will be discussed after many features of 
the controllers have been introduced. 


Laplace-Domain Transfer Functions 

The control algorithms are used often in block diagrams and in closed-loop transfer 
functions. In these analyses the main purposes are to determine limiting behavior 
for control systems (stability and frequency response), usually for disturbance 
response; thus, the PID form with derivative on the error is used for simplicity. 
The transfer functions for the common forms are as follows. Note that each transfer 
function is the output over the input, with the input and output taken with respect to 
the controller , which is the opposite of the process. Also, since transfer functions 
are always in deviation variables, the initialization constant does not appear. 


PROPORTIONAL-INTEGRAL-DERIVATIVE. 


Gets) 


MV(s) 

E(s) 



+ 


Ws + ^ 


PROPORTIONAL-ONLY. 


G c (s) = 


MV(j) 

E{s) 


= K c 


PROPORTIONAL-INTEGRAL. 


G c (s) 


MV (5) _ 

W) 



(8.27) 


(8.28) 


(8.29) 


PROPORTIONAL-DERIVATIVE. 

MVfs'i 

G c (s) = —V = K c (1 + T d s) (8.30) 

E{s) 

The reader is strongly encouraged to learn the various forms of the algorithms 
in the time and Laplace domains, because they will be used in all subsequent topics. 


8.8 i ANALYTICAL EXPRESSION FOR A CLOSED-LOOP 
RESPONSE 

It is clear that the algorithm structure and adjustable parameters affect the closed- 
loop dynamic response. A straightforward method of determining how the pa¬ 
rameters affect the response is to determine the analytical solution for the linear 
process with PID feedback. This is generally not done in practice, because of 
the complexity of the analytical solution for realistic processes, especially when 
the process has dead time. However, the analytical solution is derived here for a 
simple process, to aid in understanding the interplay between the process and the 
controller. 

EXAMPLE 8.5. 

To facilitate the solution, a simple process—the stirred-tank heater in Example 
3.7—is selected, with the controlled variable being the tank temperature and the 
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Heat exchanger control system in 
Example 8.5. 


manipulated variable being the coolant flow valve, as shown in Figure 8.9. Since 
proportional control was considered in Example 8.2, a proportional-integral con¬ 
troller is selected, because this will ensure zero steady-state offset. The response 
to a step set point change will be determined. 


Formulation. The model for this process was derived in Example 3.7. It is re¬ 
peated here with the models for the other elements in the control loop: the valve 
and the controller (the sensor is assumed to be instantaneous). 


dT 

It 


VpCp— = C pP F(T 0 - T )- — b 


aF c + ' ,rr r , 

— (T - r dn ) 


F c + 


iPf-CpQ 


F ‘ ~ (*•/?) ” 

v = K c fa, ~T) + jr jVsp - T) dt^j + I 


(8.31) 

(8.32) 

(8.33) 


First, the degrees of freedom of the closed-loop control system will be evalu¬ 
ated. 

Dependent variables: T, F c , v 

External variables: T 0 , F, T cia , T sp DOF = 3-3 = 0 

Constants: p, C p , C pc , a, b, K v , A P, p c , K c , T,, I, V 

Thus, when the controller set point T sp has been defined, the system is exactly 
specified. Note that the system without control requires the valve position to be 
defined, but that the controller now determines the valve opening based on its 
algorithm in equation (8.33). The three equations can be linearized and the Laplace 
transforms taken to obtain the following transfer functions: 

< a34 > 


G c (s) 




(8.35) 

(8.36) 


The process gain and time constant are functions of the equipment design 
and operating conditions and are given in Example 3.7. We assume that the valve 
opening is expressed in fraction open and that G B (s) = 1. The block diagram of 
the single-loop control system is given in Figure 8.2, and the closed-loop transfer 
function is rearranged to give 


CV(j) = 


Gp(s)G^(s)Gc(s) 

1 + G p (s)G v (s)G c (s)G s (s) 


SP (a) 


(8.37) 


The general symbols are used for the controlled and set point variables, 
CV(s) = T(s) and SP(.s) = T sp (s). The transfer functions for the process, the PI 
controller, and the instrumentation ( G s (s ) = G„(s) = 1) can be substituted into 





equation (8.37) to give 
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CV($) = 


Gp(s)Gc(s) 

1 + G p (s)G c (s) 


SP(5) 


K„ 


xs + 1 


(’ + 7 ^) 


-SP(^) 


+ TTTi K ‘ 0 + tIt) 


7/5 + 1 

XT, 7/(1 + KcKp) 
K C K P + K C K„ 


(8.38) 


SP(5) 


This can be rearranged to give the transfer function for the closed-loop system: 

SOM =_ Li±l _ (8.39) 

SP(s) (r') 1 2 3 s 2 + 2$z's + 1 v ' 

This is presented in the standard form with the time constant (r') and damping 
coefficient expressed as 


£ 


1 Tl 1 

(l + K c K p \ 

r>- 1 ZT ‘ 

\ K C K P ' 

{ V? ) 

■ V K C K P 


(8.40) 


Equation (8.39) can be rearranged to solve for CV(s) with SP(s) = ASP /s 
(step change). This expression can be inverted using entries 15 and 17 in Table 
4.1 to give, for f < 1, 


T'(t) = ASP 


T, 






with 


<t> = tan" 


-HASP 




' sin (^7^') 


(8.41) 


e *' /r< sin 


or using entry 10 in Table 4.1 to give, for £ > 1, 
T'(t) = ASP 


(e r / r i — e tie — x'-,e 

T, -- 7 - 7 -- + 1 + ‘- - - 


r - t; 


r; — r 


(8.42) 


with x[ and x^ the real, distinct roots of the characteristic polynomial when f > 1.0. 

Solution. Before an example response is evaluated, some important observa¬ 
tions are made: 


1. The feedback system is second-order, although the process is first-order. 
Thus, we see that the integral controller increases the order of the system 
by 1. 

2. The integral mode ensures zero steady-state offset, which can be verified by 
evaluating the foregoing expressions as time approaches infinity. 

3 . The response can be over- or underdamped, depending on the parameters 
in equation (8.40). Again, we see that feedback can change the qualitative 
characteristics of the dynamic response. 


Analytical Expression 
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The final observation concerns the manipulated variable, which is also important in 
evaluating control performance. The transfer function for the manipulated variable 
can be derived from block diagram algebra to be 

_ (8 .43) 

SP(s) 1 +G p (s)G c (s)G v (s)G,(s) 1 

The characteristic polynomials for the transfer functions in equations (8.37) and 
(8.43) are identical; thus, the periodic nature of the responses (over- or under¬ 
damped) of the controlled and manipulated variables are the same since they are 
affected by the same factors in the control loop. Thus, it would not be possible to 
obtain underdamped behavior for the controlled variable and overdamped behav¬ 
ior for the manipulated variable. The close relationship between these variables is 
natural, because the manipulated variable is calculated by the PI controller based 
on the controlled variable. 

Results analysis. A sample dynamic response is given in Figure 8.10 for this 
system with K p = -33.9°C/(m 3 /min) and r = 11.9 min from Example 3.7 and 
tuning constant values of K c = -0.059(m 3 /min)/°C and T, = 0.95 min, giving 
r' = 2.38 min and £ =0.30, and SP'(j) = 2/s. The response is clearly under- 


4. The response for this system is always stable (for negative feedback, 
K C K P > 0); in other words, the output cannot grow in an unbounded man¬ 
ner, because of the structure of the process and controller equations. This is 
not generally true for more complex and realistic process models (and es¬ 
sentially all control systems involving real processes), as will be explained in 
Chapter 10. 




Dynamic response of feedback loop: set point (dotted), temperature (solid), 
and limits on magnitude (dashed). 







damped, as indicated by the damping coefficient being less than 1.0. Also shown 
in the figure is the boundary defined by the exponential in the analytical solution, 
which determines the maximum amplitude of the oscillation at any time. Note that 
another set of controller tuning constants could yield overdamped behavior for the 
closed-loop system. The parameters used in this example were selected some¬ 
what arbitrarily, and proper tuning methods are presented in the next two chapters. 

Since both tuning constants, K c and 77, appear in r' and £, it is not possible 
to attribute the damping or oscillations to a single tuning constant; they both affect 
the "speed" and damping of the response. It is apparent from the expression 
for £ that the response becomes more oscillatory as K c is increased and as 77 
is decreased; the reason for the difference is that K c is in the numerator of the 
controller, whereas 77 is in the denominator of the control algorithm. It is also 
apparent from equation (8.41) that the controlled-variable overshoot and decay 
ratio increase as the damping coefficient decreases. 
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This analysis could be extended to other simple systems, but it cannot be ap¬ 
plied to most realistic systems, for which the inverse Laplace transform cannot be 
evaluated. Therefore, the derivation of complete analytical solutions will not be 
extended here. However, the general principles learned in this example are appli¬ 
cable to the methods of analysis introduced in the next few chapters. Also, one 
important class of processes—inventories (levels)—is simple enough to allow pro¬ 
cess equipment and controller design based on analytical solution of the linearized 
models, as covered in Chapter 18. 


8.9 □ IMPORTANCE OF THE PID CONTROLLER 


The process industries, which operate equipment at high pressures and tempera¬ 
tures with potentially hazardous materials, needed reliable process control many 
decades before digital computers became available. As a result, the control meth¬ 
ods developed many decades ago were tailored to the limited computing equipment 
available at that time. The main method of automated computing during this period, 
and one which continues to be used today, is analog computation. The principle 
behind analog computing is the design of a physical system that follows the same 
equations as the equations desired to be solved (Korn and Korn, 1972). Naturally, 
the computing system must be simple and should have easy ways to alter param¬ 
eters. An example of an analog control system is shown schematically in Figure 
8.11. Here the level in a tank is controlled by adjusting the flow into the tank. The 
sensor is a float in the tank, and the final control element is the valve stem position. 
The controller is a proportional-only algorithm, so that the controller output is 
proportional to the error signal. This algorithm is implemented in the figure by a 
bar that pivots on a fulcrum. As the level increases, the float rises and the valve 
closes, reducing flow into the tank. The control parameters can be changed by (1) 
increasing the height of the fulcrum to increase the set point (with an appropriate 
adjustment of the connecting bars) or (2) altering the fulcrum position along the 
bar to change the controller proportional gain. 

Although a few systems like the one in Figure 8.11 are in use (indeed, a form 
of that system is found in domestic toilet tanks), most of the analog controllers in 
the process industries use more sophisticated pneumatic or electronic principles 



Example of an analog level controller. 
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to automate the PID algorithm. The typical industrial implementation yields the 
following transfer function for an electronic analog controller calculation (Hougen, 
1972): 


MV(j) _ r i + r^ l 1 + T d s ' 
CV(s) c m T/s _ |l+a7rfS. 


(8.44) 


Equation (8.44), often referred to as the interactive PID algorithm, is an approx¬ 
imation to the PID algorithm when a is small. The tuning constants are adjusted 
by changing values of resistors and capacitors used in the circuit. Note that since 
the equation structure is different from the forms already introduced, this equation 
would require different values of their tuning constants; the tuning rules in this 
book are for the forms in equation (8.23£>). Analog controllers were used for many 
decades prior to the introduction of digital controllers and continue to be used 
today. Pneumatic analog controllers use air pressure as the source of power for the 
calculation to approximate the PID calculation (Ogata, 1990). 

The techniques in this book are based on the analysis of continuous systems, 
because we will be using Laplace transforms and similar mathematical methods. 
Most processes are continuous (e.g., stirred tanks and heat exchangers), and the 
controller is also continuous when implemented with analog computation. How¬ 
ever, the controller is discrete when implemented by digital computation; discrete 
systems perform their function only at specific times. For most of this book, the as¬ 
sumption is made that the control calculations are continuous, and this assumption 
is generally very good for digital controllers as long as the time for calculation is 
short compared with the process dynamic response. Since this situation is satisfied 
in most process control systems, the approach taken here is usually valid. Special 
features of digital control systems are introduced in Chapter 11 and covered there¬ 
after as appropriate for subsequent topics, and numerous resources are dedicated 
entirely to the special aspects of digital control, for example, Appendix L, Franklin 
and Powell (1980) and Smith (1972). 


8.10 n CONCLUSIONS 

In this chapter, the important proportional-integral-derivative control algorithm 
was introduced, and the key features of each mode were demonstrated. The pro¬ 
portional mode provides fast response but does not reduce the offset to zero. The 
integral mode reduces the offset to zero but provides relatively slow feedback 
compensation. The derivative mode takes action based on the derivative of the 
controlled variable but has no effect on the offset. The combination of the modes, 
or a subset of the modes, is required to provide good control in most cases. 

A few examples have demonstrated that the PID controller can achieve good 
control performance with the proper choice of tuning constants. However, the 
control system can perform poorly, and even become unstable, if improper values 
of the controller tuning constants are used. An analytical method for determining 
good values for the tuning constants was introduced in this chapter for simple first- 
order processes with P-only and PI control. More general methods are presented 
for more complex systems in the next two chapters. 

The dramatic influence of feedback on the dynamic behavior of a process was 
discussed in Chapter 7 and demonstrated mathematically in this chapter. Naturally, 



the ability to maintain the controlled variable near its set point is a desirable 
feature of feedback, but the potential change from an overdamped system to an 
underdamped or even unstable one is a facet of feedback that must be understood 
and monitored carefully to prevent unacceptable behavior. In Chapter 4, it was 
demonstrated that the key facets of periodicity and stability are determined by the 
roots of the characteristic equation, that is, by the poles of the transfer function. 
For the three-tank mixing process without control, the characteristic equation is 

(rs + l) 3 = 0 (8.45) 

giving the repeated poles s = — l/z. Since they are real and negative, the dynamic 
response is overdamped and stable. When proportional feedback is added, the 
transfer function is given in equation (8.12), and the characteristic equation is 

(rs + l) 3 + K C K P = 0 (8.46) 

Thus, the controller gain influences the poles and the exponents in the time-domain 
solution for the concentration. The influence of feedback control on stability is the 
major topic of Chapter 10. 

Finally, it is important to note that the PID controller is emphasized in this 
book because of its widespread use and its generally good performance. The dom¬ 
inant position of this algorithm is not surprising, because it evolved over years of 
industrial practice. However, in nearly no case is it an “optimal” controller in any 
sense (i.e., minimizing IAE or maximum deviation). Thus, other algorithms can 
provide better performance in particular situations. Some alternative algorithms 
will be introduced in this book after the basic concepts of feedback control have 
been thoroughly covered. 
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Additional analytical solutions to low-order closed-loop systems can be found in 

Weber, T., An Introduction to Process Dynamics and Control, Wiley, New 
York, 1973. 

For a more complete discussion of system types than presented in Section 8.2, 
see 


Distephano, S., A. Stubbard, and I. Williams, Feedback Control Systems, 
McGraw-Hill, New York, 1976. 


With models for the process and controller now available, the dynamic behavior of 
a closed-loop system can be analyzed quantitatively. These questions provide some 
learning examples while using the mathemadcal tools available; additional analytical 
methods are introduced in the next chapters. The key concept is the manner in which 
the process and controller both influence the feedback system. 


QUESTIONS 

8 . 1 . Determine the analytical expression for a step set point change in the fol¬ 
lowing processes under P-only and PI feedback control. You should select 
values for the tuning constant that give acceptable performance. 

(a) Example 3.1 with Ca as the controlled variable, Cao as the manipulated 
variable, and ASP = 0.1 mole/m 3 . 

(b) Example 3.7 with T as the controlled variable, F as the manipulated 
variable, and ASP = 3°C. (F c is constant.) 

(c) Example 3.3 with Ca 2 as the controlled variable, Cao as the manipu¬ 
lated variable, and ASP = 0.05 mole/m 3 . 

8 . 2 . Program a dynamic simulation for the three-tank mixing system based on 
the equations derived in Example 7.2. 

(a) Determine the open-loop responses in the third tank outlet concentra¬ 
tion to a step change in 

(1) The inlet concentration of component A in stream B(1 to 1.5% A) 

(2) The valve position in the A stream (50 to 60% open) 

( b) Determine the closed-loop (PID) responses of the third tank outlet 
concentration to 

(1) A step set point change (3 to 3.5% A) 

(2) A disturbance step change in the concentration of component A 
in stream B (1 to 1.5% A) 

8 . 3 . Using the appropriate transfer functions and applying the final value theo¬ 
rem, determine the final values of the error for a step set point change for 
the heater in Example 8.5 under P-only, PI, and PID control. 

8 . 4 . The control system given in Figure Q8.4 controls the level by adjusting 
the valve position of the flow out of the tank. Because of the pump, the 
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flow out can be assumed to be a function of only the valve percent open 
and not of the level. Assume that the valve-flow relationship is linear (i.e.. 
Four = K v v). 

(a) Derive the differential equation and transfer function relating the level 
to the flows in and out. 

( b ) For the process with feedback control, determine the final value of the 
error for a step change in the inlet flow for P-only and PI controllers. 
Are the criteria for zero steady-state offset the same as for the three- 
tank example? Explain why/why not. 

(c) Discuss the differences between this and question 8.13. 

8 . 5 . The application to the final value theorem in equation (8.17) showed that 
the three-tank mixing system under I-only control has zero steady-state 
offset for a step disturbance. Is this a general conclusion for PID control 
for all (a) processes, ( b ) disturbance types, and (c) values of the tuning 
constants? Discuss the implications of your answers on the success of 
feedback control. 

8.6. (a) The final value theorem seems to demonstrate that the offset tends 

to zero as the controller gain approaches infinity. Discuss this result, 
especially with regard to the definition of the Laplace transform and 
the dynamic responses shown in Figure 8.4a through d. 

(b) The final value theorem provides one method for calculating the fi¬ 
nal value of a variable in a control system. Describe another way to 
determine the final value of variables without using the final value the¬ 
orem. Use both methods to determine the final value of the manipulated 
variable in the three-tank mixing process for a step disturbance in the 
concentration of stream B, (a) without control and ( b ) with P-only 
feedback control. 

8.7. (a) Calculate the roots of the characteristic equations and relate them to the 

dynamic behaviors of the closed-loop systems in Figure 8.4a through d. 

( b ) Select different tuning constant values that yield substantially different 
dynamic behavior for the closed-loop system in Example 8.5. Describe 
the different time-domain behavior. 

8.8. Answer the following questions. 

(a) The transfer function of the PID controller in equation (8.27) has no 
initialization constant. Why? 

( [b ) Describe how to calculate the initialization constant / in equation 
(8.23a and b) for a PID controller. 

(c) The transfer functions G c (s) = MV(s)/CV(s) and 

G p (s) = CV(j)/MV(j). Why isn’t G c (s ) = G"'(s)? Why do they 
have units that are the inverse of one another? 

(d) Verify the Laplace transform of the controller, equation (8.27), from 
equation (8.23a). 

(e) Determine the final value for the three-tank mixing process under PI 
control for an impulse disturbance in the feed composition. Can you 
determine a conclusion generally applicable to all processes? 

(f) Repeat part (e) for a ramp disturbance. 


Questions 





FIGURE Q8.4 




262 


CHAPTER8 
The PID Algorithm 


8 . 9 . 


When designing the feedback control algorithm, why were the following 
modes not included, or when would they be applicable? 


(a) MV(t) = K c 


m+ T,[ i;— 

( ,0 ° 


+/ 


(b) MV(0 = K c (E(t)) 2 ( E(t) + jrf o E(t') 


(c) MV(0 = K c ((E(0) 2 + jr l (E(t')) 2 dt^j 


+ / 


8 . 10 . The controller display for the plant personnel does not present all possi¬ 
ble variables associated with the PID algorithm. For each variable, state 
whether or not it is displayed and why: (a) controlled variable, (b) error, 
(c) set point, (d) manipulated variable, (e) integral of the error, (f) derivative 
of the error, and (g) initialization constant. 

8 . 11 . Describe how you would calculate the PID algorithm in a digital computer. 
Prepare a flow chart of the calculations. 

8 . 12 . Consider the modified stirred-tank mixing system in Figure Q8.12. The 
original concentration of the third tank remains 3 percent. 

(a) Derive the equations describing the system. 

(b) Draw a block diagram of the system. 

(c) Derive the transfer functions for each element in the block diagram. 

(d) Derive the closed-loop transfer function, CV($)/SP(s). 



Disturbance is change in the concentration 
of stream C with the flow rate constant. 

FIGURE Q8.12 

8 . 13 . The level control system with a proportional-only algorithm in Figure 
Q8.13 is to be analyzed; the inlet flow is a function of only the valve open¬ 
ing. The process is not typical; usually, the flow out would be pumped, 
but here it drains by gravity. However, this is a simple system to begin 
analyzing control systems; more realistic processes will be considered in 
subsequent chapters. 







FIGURE Q8.13 


(a) Derive a linearized model and transfer functions for the process and 
for the proportional-only controller. 

( b) Draw a block diagram, and derive the closed-loop transfer function. 

(c) Calculate the steady-state offset. 

C d ) Select an appropriate sign for the gain and calculate the time to reach 
63 percent of the final steady-state error after a step disturbance in the 
outlet valve position. 

( e ) Discuss the differences between this and question 8.4. 

8 . 14 . Consider the PID algorithm in equation (8.23a). For each of the individual 
modes—proportional, integral, and derivative—describe with a sketch the 
result of its calculation when the error is each of the following idealized 
functions: (a) a constant, (b) an impulse, and (c) a sine (consider one cycle). 
(This question provides a thought exercise to help understand the three PID 
modes; this type of analysis is not performed when monitoring a control 
system.) 

8 . 15 . For the series reactors in Figure Q8.15, the outlet concentration is controlled 
at 0.414 mole/m 3 by adjusting the inlet concentration with a proportional- 
only feedback controller. At the initial base case operation, the valve is 
50 percent open, giving Cao = 0.925 mole/m 3 . One first-order reaction 
A —> B occurs; the data are V = 1.05 m 3 , F = 0.085 m 3 /min, and k = 
0.040 min -1 . The process transfer function is derived in Example 4.2 as 
Ca 2 (s)/Cm(s) = 0.447/(8.25s + l) 2 ; the additional model relates the 
valve to inlet concentration, which for a linear valve and small flow of A 
(F » Fa) gives Cao(s)/v(s) = 0.925/50 = 0.0185 (mole/m 3 )/%open; 
you may assume for this question that the sensor dynamics are negligible. 

(a) Determine whether the reactors are stable without feedback control. 

( b ) Determine the closed-loop transfer function for a set point response. 

(c) By analyzing the denominator of the transfer function (the character¬ 
istic polynomial), determine the stability of the feedback system for 
controller gain, K c , values of (i) 0.0, (ii) 121, (iii) 605, and (iv) 2420 
(in % valve opening/mole/m 3 ). 

( d ) By analyzing the total closed-loop transfer function, determine the 
steady-state offset for a set point change with controller gain, K c , 
values of (i) 0.0, (ii) 121, (iii) 605, and (iv) 2420 (in %valve 
opening/mole/m 3 ). 

(e) Without simulating, sketch the general shape of the dynamic response 
for a set point step change for each of the cases in (c) and (d) above. 




FIGURE Q8.15 


8.16. Analyze the following systems for the feasibility of feedback control. 

(a) Example 1.1 with temperature T 3 as the controlled variable, F exC h as 
the manipulated variable, and ASP = 1°C. 

( b ) Example 1.2 with Ca 2 as the controlled variable, F s as the manipulated 
variable, and ASP = 0.01 mole/m 3 . 

8.17. The continuous control system in Figure Q8.17 is to be tuned for an un¬ 
derdamped open-loop process, £ < 1.0. As a physical example, you may 
think of the CSTR with underdamped temperature dynamics in response 
to a change in the coolant flow described in Section 3.6. However, the 
question should be answered for the general system in Figure Q8.17. 

(a) Determine the range of a P-only feedback controller gain that results in 
an overdamped closed-loop system. Discuss the implications of your 
results for the quality of feedback control performance. 

( b ) Repeat the analysis for a proportional-derivative controller and discuss 
the effect of the derivative mode on the closed-loop dynamic behavior, 
especially the periodicity. 



FIGURE Q8.17 


8.18. (a) Determine the PID controller modes that are required for zero steady- 
state offset for an impulse disturbance for the following processes: 
(1) The three-tank mixing process in Examples 7.2 and 7.3 with *a b 
an impulse 






(2) A non-self-regulating level system, like equation (5.15), with F 0 265 

an impulse and F\ adjusted by the controller 

(b) Discuss the application of integral-only control to both processes. Questions 

8.19. The elements in several control systems are shown in Figure Q8.19. For 
each system, determine the transfer functions for CV(s)/SP(s) and 
CV(s)/D(s), where a disturbance is given. 



FIGURE Q8.19 

Block diagrams for several control systems. All quantities are Laplace-transformed; the 

variable (s) is omitted for simplicity. 
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9.1 a INTRODUCTION 


As demonstrated in the previous chapter, the proportional-integral-derivative (PID) 
control algorithm has features that make it appropriate for use in feedback control. 
Its three adjustable tuning constants enable the engineer, through judicious selec¬ 
tion of their values, to tailor the algorithm to a wide range of process applications. 
Previous examples showed that good control performance can be achieved with a 
proper choice of tuning constant values, but poor performance and even instability 
can result from a poor choice of values. Many methods can be used to determine 
the tuning constant values. In this chapter a method is presented that is based on 
the time-domain performance of the control system. Controller tuning methods 
based on dynamic performance have been used for many decades (e.g., Lopez et 
al., 1969; Fertik, 1975; Zumwalt, 1981), and the method presented here builds on 
these previous studies and has the following features: 


1. It clearly defines and applies important performance issues that must be con¬ 
sidered in controller tuning. 

2. It provides easy-to-use correlations that are applicable to many controller 
tuning cases. 

3. It provides a general calculation approach applicable to nearly any control 
tuning problem, which is important when the general correlations are not 
applicable. 
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4. It provides insight into important relationships between process dynamic 
model parameters and controller tuning constants. 

9.2 □ DEFINING THE TUNING PROBLEM 

The entire control problem must be completely defined before the tuning constants 
can be determined and control performance evaluated. Naturally, the physical pro¬ 
cess is a key element of the system that must be defined. To consider the most 
typical class of processes, a first-order-with-dead-time plant model is selected here 
because this model can adequately approximate the dynamics of processes with 
monotonic responses to a step input, as shown in Chapter 6. Also, the controller 
algorithm must be defined; the form of the PID controller used here is 

MV(/) = K c [e( 0 + jf E(t')dt' - + 1 (9.1) 

Note that the derivative term is calculated using the measured controlled variable, 
not the error. 


The tuning constants must be derived using the same algorithm that is applied in the 
control system. The reader is cautioned to check the form of the PID controller algo¬ 
rithm used in developing tuning correlations and in the control system computation; 
these must be compatible. 


Next, we carefully define control performance by specifying several goals to be 
balanced concurrently. This definition provides a comprehensive specification of 
control performance that is flexible enough to represent most situations. The three 
goals are the following: 


1. Controlled-variable performance. The well-tuned controller should provide 
satisfactory performance for one or more measures of the behavior of the 
controlled variable. As an example, we shall select to minimize the IAE of 
the controlled variable. The meaning of the integral of the absolute value of 
the error, IAE, is repeated here. 


IAE = 



|SP(r) — CV(t)\dt 


(9.2) 


Zero steady-state offset for a steplike system input is ensured by the integral 
mode appearing in the controller. 

2. Model error. Linear dynamic models always have errors, because the plant is 
nonlinear and its operation changes. Since the tuning will be based on these 
models, the tuning procedure should account for the errors, so that acceptable 
control performance is provided as the process dynamics change. The changes 
are defined as ± percentage changes from the base-case or nominal model 
parameters. The ability of a control system to provide good performance 
when the plant dynamics change is often termed robustness. 

3. Manipulated-variable behavior. The most important variable, other than the 
controlled variable, is the manipulated variable. We shall choose the com- 




TABLE 9.1 

Summary of factors that must be defined in tuning a controller 


Major loop 
component 

Key factor 

Values used in this chapter for 
examples and correlations 

Process 

Model structure 

Linear, first-order with dead time 


Model error 

± 25% in model parameters (structured so 
that all parameters increase and decrease 
the same %) 


Input forcing 

Step input disturbance with G d (s) = G p (s) 
and step set point considered separately 


Measured variable 

Unbiased controlled variable with high- 
frequency noise 

Controller 

Structure 

PID and PI 


Tuning constants 

K c , 77, and T d 

Control 

Controlled-variable behavior 

Minimize the total IAE for several cases 

performance 


spanning a range of plant model 
parameter errors 


Manipulated-variable behavior 

Manipulated variable must not have varia¬ 
tion outside defined limits; see Figure 9.4 
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mon goal of preventing “excessive” variation in the manipulated variable by 
defining limits on its allowed variation, as explained shortly. 

To evaluate the control performance, the goals and the scenario(s) under which 
the controller operates need to be defined. These definitions are summarized in 
Table 9.1; the general factors are in the second column, and the specific values 
used to develop correlations in this chapter are in the third column. This may seem 
like a rather lengthy list of factors to establish before tuning a controller, but they 
are essential to any proper tuning method. Fortunately, the rather standard set of 
specifications in the third column is appropriate for a wide range of applications, 
and therefore it is possible to develop correlations that can be used in many plants, 
where this underlying specification of control performance is valid. The entries in 
Table 9.1 will be further explained as they are encountered in the next section. All 
subsequent chapters in this book require a good understanding of the factors that 
affect control performance. 


The reader is encouraged to understand the factors in Table 9.1 thoroughly and to 
refer back to this section often when covering later chapters. 


9.3 a DETERMINING GOOD TUNING CONSTANT VALUES 

Given a complete definition of the process, controller, and control objectives, eval¬ 
uating the tuning constants is a relatively straightforward task, at least conceptu¬ 
ally. The “best” tuning constants are those values that satisfy the control perfor¬ 
mance goals. With our definitions of Goals 1 to 3, the optimum tuning gives the 
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minimum IAE, for the selected plant (with variations in model parameters), when 
the manipulated variable observes specified bounds on its dynamic behavior. 

The control objectives in Table 9.1 have been defined so that they can be quan¬ 
titatively evaluated from the dynamic response of a control system. The dynamic 
response of the control system with a complex process model including dead time 
cannot be determined analytically, but it can be evaluated using a numerical so¬ 
lution of the process and controller equations. The dynamic equations are solved 
from the initial steady state to the time at which the system attains steady state 
after the input change. The best values of the tuning constant can be determined by 
evaluating many values and selecting the values that yield best measure of control 
performance. Since the goal of this presentation is to concentrate on the effects 
of the process dynamics on tuning, not the detailed mathematics, the reader may 
visualize the best values being found by a grid search over a range of the tuning 
constant values, although this procedure would involve excessive computations. 
(Some further details on the solution approach are given in Appendix E.) The result 
is a set of tuning (K c , 7), Tf) that gives the best performance for a specific plant, 
model uncertainty, and control performance definition. 

As explained in Section 9.2, we will consider a first-order-with-dead-time 
plant because this model can (approximately) represent the dynamics of many 
overdamped processes. As a helpful image for the reader, a simple mixing process 
example shown in Figure 9.1 will be used throughout this chapter, although the 
results are not limited to this simple process, as will be demonstrated later in the 
chapter. The process can be described by the following transfer function model: 

K e~ 6s 

G v (s)G' p (s)G s (s ) = G p (s) = ——— (%A in outlet)/(%valve opening) 

T S ”f“ 1 

(9.3) 

Gd(s) = —^-t (%A in outlet)/(%A in inlet) (9.4) 

rs + 1 

From a fundamental balance on component A, the dead time and time constant can 
be determined as the following functions of the feed flow rate and equipment size. 



Process used for calculating example tuning constants for good 
control performance. 






The base case values are given here, and the functional relationships will be used 
in later examples to determine the modified dynamics for changes in production 
rate (F B ). 


Parameter 

Dependence on process 

Base case value 

Dead time, 9 

(AKL)/Fb 

5.0 min 

Time constant, t 

v/f b 

5.0 min 

Steady-state gain, K P 

^u[C*a)a — C*A ) B ]/F B 

1.0 (%A in outlet)/(%open) 
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In general, the three tuning constants ( K c , 77, and Tj) should be evaluated si¬ 
multaneously to achieve the best performance. However, we will gain considerable 
insight by considering the PID tuning constants and performance goals sequen¬ 
tially. This will enable us to learn how the goals influence the values of the tuning 
constants and also the interaction among the values of the three tuning constants. 
Therefore, we shall begin with the simplest case, determining the value of one tun¬ 
ing constant, K c , which results in the minimum in the performance measure goal 
1 (IAE). In this initial case, the other two tuning constant values (7/ and Tj) will 
be held constant at reasonable values. Then, values of all three tuning constants 
will be determined that give the best control performance, as represented by goal 
1 (IAE). Finally, the values of the tuning constants are determined that give the 
best performance, as measured by the complete definition of control performance, 
goals 1 to 3. 

Recall that the feedback control system is designed to respond to disturbances 
and changes in set points (desired values). Initially, we will restrict attention to a 
unit step disturbance in the inlet concentration, D(s ) = 1 /s %A in the inlet. Later, 
set point changes will be addressed. 


Goal 1: Controlled-Variable Performance (IAE) 

Let us begin with a PID controller applied to the example process. We will start by 
optimizing only one controller constant. Recall that the integral mode is required 
so that the controlled variable returns to its set point. Therefore, the study will find 
the best value of the controller gain, K c , with the integral time (7) = 10 min) 
and derivative time (Tj = 0 min) temporarily maintained at fixed values. The 
value selected for the integral time (the sum of the dead time and time constant) 
is reasonable (although not optimum), as demonstrated by further results, and the 
derivative time of zero simply turns off the derivative mode. For this first case, the 
goal in this analysis is temporarily limited to achieving the minimum value of the 
IAE for the base case plant model. 

The results of several transient responses are presented in Figure 9.2, with 
each case having a different value of the controller gain. The results show that the 
relationship between IAE and K c is unimodal; that is, it has a single minimum. 
The minimum IAE is at a controller gain value of about K c = 1.14%/(mole/m 3 ) 
with an IAE of 9.1. For values of the controller gain smaller than the best value 
(e.g., K c = 0.62), the controller is too “slow,” leading to higher IAE. For values 
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Process dynamics: K p = 1.0, 8= 5.0, t= 5.0 






Time 

FIGURE 9.2 


Time 


Dynamic responses used to determine the best controller gain, K c % open/ %A, 
with T, = 10 and T„ = 0. 


of the controller gain larger than the best value (e.g., K c = 1.52), the controller is 
too “aggressive,” leading to oscillations and higher IAE. Note that the optimum is 
somewhat “flat”; that is, the control performance does not change very much for a 
range (about ±15%) about the optimum controller gain. However, if the controller 
gain is increased too much, the system will become unstable. (Determining the 
stability limit is addressed in the next chapter.) 

The graphical presentation used for one constant can be extended to two 
constants by varying the controller gain and integral time simultaneously while 
holding the derivative time constant (7^ = 0). Again, many dynamic responses can 
be evaluated and the results plotted. In this case, the coordinates are the controller 
gain and integral time, with the IAE plotted as contours. The results are presented in 
Figure 9.3, where the optimum tuning is K c = 0.89 and 77 = 7.0. Again, the same 
qualitative behavior is obtained, with very large or small values of either constant 
giving poor control performance. In addition, the contours show the interaction 
between the variables; for example, nearly the same control performance can be 
achieved by gain and integral time values of (K c = 0.6 and 7> = 4.5) and (K c = 
1.2 and 77 = 10), respectively. Again, the control performance is not too sensitive 
to the tuning values, as shown by the large region (valley) in which the performance 
changes by only about 10 percent. Finally, the evaluations identified a region in 
which the control system is not stable; that is, where the IAE becomes infinite. It 
is interesting that the region of good control performance—the lower valley in the 
contour plot—runs nearly parallel to the stability bound. This result will be used 









FIGURE 9.3 


Contours of controller performance, IAE, for values of 
controller gain and integral time. 
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TABLE 9.2 

Summary of tuning study 


Case 

Objective 

Gain, K c 
(%/% A) 

Integral 
time, Ti 
(min) 

Derivative 
time, T d 
(min) 

IAE + 

Optimize K c 

Goal 1 (IAE) 

1.14 

10.0 (fixed) 

0.0 (fixed) 

9.2 

Optimize K c 

Goal 1 (IAE) 

0.89 

7.0 

0.0 (fixed) 

8.5 

and T] 

Optimize K c , 

Goal 1 (IAE) 

1.04 

5.3 

2.1 

5.8 


Ti, and T d 







Optimize K c , 

Goal 1-3 

0.88 

6.4 

0.82 

7.4* -«— 

—recommended 

Ti, and T d 

simultaneously 







+ Evaluated for nominal model (without error) without noise. Process parameters were the 
gain K p = 1.0%A/%, the time constant r = 5 minutes, and the dead time 0 = 5 minutes. 
’Greater than 5.8 because of additional goals 2 and 3. 


in the next chapter, in which the stability of control systems is studied and tuning 
constant values are determined based on a margin from the stability bound. 

When three or more values are optimized, as is the case for a three-mode 
controller, the results cannot be displayed graphically. One could take the same 
optimization procedure described for one- and two-variable problems, which is 
simply to evaluate the IAE over a grid of tuning constant values and estimate 
the best values from the results or use a more sophisticated and efficient approach. 
The application of an optimization to the example process yields values of all three 
parameters that minimize IAE, and the values are reported in Table 9.2. This table 
summarizes the results with one, two, and all three constants being optimized; 
clearly, as more constants are free for adjustment, the IAE controller performance 
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measure improves (i.e., decreases). Also, the optimum values for the controller 
gain and integral time change when we include the derivative time as an adjustable 
variable in the optimization. This result again demonstrates the interaction among 
the tuning constants. 

Minimizing the IAE is only the first of the three specified goals, which con¬ 
siders the behavior of only the controlled variable and assumes perfect knowledge 
(model) of the process. This preliminary result does not provide the best control 
performance according to our specified goals; therefore, we must continue to refine 
the procedure to determine the best tuning constant values. 


Goal 2: Good Control Performance with Model Errors 

To this point we have determined tuning constant values that minimize the IAE 
when the process dynamics are described exactly by the base case dynamic model. 
However, the model is never perfect, because of errors in the model identification 
procedure, as demonstrated in Chapter 6. Also, plant operating conditions, such as 
production rate, feed composition, and purity level, change, and because processes 
are nonlinear, these changes affect the dynamic behavior of the feedback process. 
The effect of changing operating conditions can be estimated by evaluating the 
linearized models at different conditions and determining the changes in gain, time 
constant, and dead time from their base-case values. Since the true process dynamic 
behavior changes, a useful tuning procedure should determine tuning constants 
that give good performance for a range of process dynamics about the base case or 
nominal model parameters, as required by the second control performance goal. 
When the tuning results in satisfactory performance for a reasonable range of 
process dynamics, the tuning is said to provide robustness. 


In performing control and tuning analyses, the engineer must define the expected 
model error. The error estimate, usually expressed as ranges of parameters, can be 
based on the variation in plant operation and fundamental models from Chapters 3 
through 5 or the results of several empirical model identifications using the methods 
in Chapter 6. 


The size and type of model error is process-specific. For the purposes of devel¬ 
oping correlations, the major source of variation in process dynamics is assumed to 
result from changes in the flow rate of the feed stream F B in Figure 9.1 that cause 
±25% changes in the parameters. While the range of parameters depends on the 
specific process, most processes experience parameter value changes of roughly 
this magnitude, and some have much larger variations. The resulting model pa¬ 
rameters are given in Table 9.3; these values can be derived using the expressions 
already given relating the linearized model parameters to the process design and 
operation. Since in this example all parameters are proportional to the inverse of 
the feed flow, the parameters do not vary independently but in a correlated man¬ 
ner as a result of changes in input variables. Such correlation among parameter 
variation is typical, because the major cause of variation in process dynamics is 
nonlinearity. Naturally, the functional relationship depends on the process and is 
not always as shown in the table. 




TABLE 9.3 


Model parameters for the three-tank process 


Model parameters 

Low flow, 

i = l 

Base case 
flow, i = 2 

High flow, 

i =3 

K p 

1.25 

1.0 

0.75 

e 

6.25 

5.0 

3.75 
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The goal is to provide good control performance for this range, and one way 
to consider the variability in dynamics is to modify the objective function to be the 
sum of the IAE for the three cases, which include the base case and the extremes 
of low and high flow rates in Table 9.3. The objective is stated as follows: 

3 

Minimize ^ IAE,- (9.5) 

i=i 

by adjusting K c ,T/,Tj 

poo 

IAE ,= / |SP(/)-CV,(/)|<* 

Jo 

where CV, (r) is calculated using process parameters for i = 1 to 3 in Table 9.3. 

This modification is very important, because tuning constants that yield good 
performance for the nominal model may give poor performance or even result in 
instability as the true process parameters vary. Next, the third goal is discussed; 
afterward, the tuning constants satisfying all three goals are determined. 

Goal 3: Manipulated-Variable Behavior 

The third and final goal addresses the dynamic behavior of the manipulated vari¬ 
able by requiring it to observe a limitation. As previously discussed, its variation 
should not be too great, because of wear to control and process equipment and 
disturbances to integrated units. There are many ways to define the variation of the 
manipulated variable. Here we will bound the allowed transient path of the manip¬ 
ulated variable to a specified region around the final steady-state value during the 
dynamic response as shown in Figure 9.4. This rather general limitation enables 
us to address two related issues in manipulated-variable variation: 

1. The largest-magnitude variation in the manipulated variable in response to a 
disturbance or set point change 

2. The high-frequency variation resulting from the small, continuous changes in 
the controlled variable often referred to as noise 

The allowable manipulated-variable range is large during the initial part of the 
transient, where, in general, the manipulated variable should be able to overshoot its 
final value. The range is smaller after the effect of the step disturbance is corrected. 
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Dynamic response of a feedback control system showing the bound on 
allowable manipulated-variable adjustments. 


Even after a long time, the manipulated variable cannot be required to be absolutely 
constant, because feedback control responds to the small, continuous changes in the 
controlled variable (i.e., the noise). The limitation on the manipulated variable is 
determined by parameters that define the bound shown in Figure 9.4. Simulations 
to evaluate a tuning for goals 1 through 3 include representative noise on the 
measured, controlled variable and a bound on the manipulated variable. A model 
for defining the bound on the path, along with parameters used in this book, is 
presented in Appendix E. 

The proper values of the parameters used to define the allowed manipulated 
variable behavior should match the process application. The values in this study 
are good initial estimates for many process control designs. However, the specific 
parameter values are not the key concept in this goal statement; what is most 
important is this: 


A properly defined statement of control performance includes a specification of 
acceptable manipulated-variable behavior. 


Since both controlled- and manipulated-variable plots of behaviors are important, 
most closed-loop transient responses in this book show both the controlled and 
manipulated variables; in general, it is not possible to evaluate control performance 
by observing only the controlled variable. 

The controller constants in the example mixing process are optimized for the 
complete definition, and the results are K c = 0.88, 7> = 6.4, and T d = 0.82. The 
dynamic response is given in Figure 9.4 for the nominal plant response. (Recall 





that three dynamic responses, including model error, were considered concurrently 
in determining the optimum.) These tuning parameters satisfy goals 1 through 3 
in our control performance definition. Note that compared to the results reported 
in Table 9.2, which satisfy only goal 1, the values satisfying all three goals have a 
lower gain, longer integral time, and shorter derivative time. Thus: 
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The controller is detuned, leading to less aggressive adjustments by the feedback 
controller, to account for modelling errors and to reduce the variation in the manip¬ 
ulated variable. 


These tuning constants will not perform best when the model error is zero and no 
noise is present, but they will perform better over an expected range of conditions 
and are the values recommended for initial application. 


EXAMPLE 9.1. 

A modified process in Figure 9.1, with a shorter pipe and larger tank described 
by the nominal model in equation (9.6), is to be controlled by a PID controller. 
Determine the best initial tuning constant values for a PID controller based on (a) 
goal 1 alone and ( b) goals 1 through 3. 

G„(s)G' p (s)G s (s) * G p (s) = 

G,(s) = r~T7 with °( s > = ~ M 

8s + 1 s 

G c (s) = K c |e(s) + - 7>CV(i)J 



The mathematical optimization must be performed for the two cases. The re¬ 
sults of the analysis are given in Table 9.4. The results are similar to the example 
discussed previously in that the controller gain is decreased, the integral time 
is increased, and the derivative time is decreased—in this example to zero—as 
the additional goals are added. The net effect of adding goals 2 and 3 is that 
total deviation of the controlled variable from its set point (IAE) is larger than that 
achieved for the nominal process without modelling error. However, the perfor¬ 
mance indicated by the more comprehensive measure, considering all cases and 
behavior of both the controlled and manipulated variables, is the best possible 


TABLE 9.4 

Results for Example 9.1 


Case 

Controller 
gain, K c 

Integral 
time, T, 

Derivative 
time, T d 

IAE + 


(a) Performance, goal 1 alone 

3.0 

3.7 

1.1 

1.46 


( b ) Performance, goals 1-3 

1.8 

5.2 

0.0 

2.95 -<— 

—recommended 


+ Evaluated for nominal model (without error) without noise. 
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be demonstrated in Example 9.5. 
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Again we see that there is interaction among the tuning constants. As demon¬ 
strated for a simple process in Example 8.5, each tuning constant affects many 
control performance measures, such as decay ratio and overshoot. Therefore, all 
tuning constants should be determined simultaneously to obtain the best possible 
performance within the capability of the PID algorithm. 

In conclusion, a very general method has been presented in this section for 
evaluating controller tuning constants. The method can be applied to any process 
model and controller algorithm and was applied to the linear, first-order-with- 
dead-time process and PID controller in this section. The method addresses most 
control performance issues in a flexible manner, so that the engineer can adapt 
it to most circumstances by changing a few parameters in the control objective 
definition, such as the magnitude of the model errors or the allowable variability 
of the manipulated variable. However, an optimization must be performed for each 
individual problem, which could be very time-consuming. Thus, the next section 
describes how controller tuning can be performed quickly in many situations using 
correlations developed with the optimization procedure. 


9.4 □ CORRELATIONS FOR TUNING CONSTANTS 

The purpose of tuning correlations is to enable the engineer to calculate tuning 
constants for many process applications that simultaneously achieve the three 
goals defined in Section 9.2 without performing the optimization. Correlations 
for tuning constants will reduce the engineering effort in controller tuning, and, 
perhaps more importantly, the correlations will show how the controller constants 
depend on feedback process dynamics. For the correlations developed in this sec¬ 
tion, the tuning goals will be those defined in Table 9.1 and used in the previous 
example: 

1. Minimize IAE 

2. ±25% (correlated) change in the process model parameters 

3. Limits on the variation of the manipulated variable 

The correlation should provide values for K c , 7>, and T d based on values in 
a process dynamic model. The general approach is to select a model structure 
and determine the dimensionless parameters that define the closed-loop dynamic 
response. To provide simple, yet general correlations, the process model must 
have a small number of parameters. Modelling examples in Chapter 6 demon¬ 
strated that many processes can be represented by a first-order-with-dead-time 
transfer function; therefore, this model structure is used in developing the tuning 
correlations: 


G v (s)G' p (s)G s (s) * G p (s) 


Kp£^_ 

1 + TS 


(9.7) 



Since the control response is determined by the closed-loop transfer function, 
the form of the correlation is determined from this transfer function: 


CV(5) _ G d (s) 

D(s) ~ 1 + G c (s)G p (i) 


G d (s) 


1 + Ke (‘ + ^7 + TjS ) { Kp T+^) 


(9.8) 


Every process responds with a different “speed,” which can be characterized 
by the time for a step response to achieve 63 percent of its final value. For a first- 
order-with-dead-time process, this time is (9 + r). Dividing the time by this value 
“scales” all processes to the same speed, so that one set of general correlations can 
be developed. The relationships are 


/' = 


s = 


9 -f" x 9 -f- t 

Substituting the modified Laplace variable for the time-scaled equation gives 
CV(s') G d (s') 


(9.9) 


D(s') 


1 + 


K C K P (l + 


1 


+ 


T d s' \ l e-^'/W+r) 


T,s'/(9 + t) 9 + r ) \! + r s'/(9 + r) 


(9.10) 
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The resulting equation has one parameter that characterizes the feedback process 
dynamics, 9/(6 + t), which we shall term th t fraction dead time. 


This parameter indicates what fraction of the total time needed for the open-loop 
process step response to reach 63 percent of its final value is due to the dead time; 
it has values from 0.0 to 1.0. For example, the base case process data for Figure 
9.1 had 9 = 5 and r = 5; thus, the fraction dead time was 0.5. Note that r/(9 + r) 
is not independent, because x/(9 + r) = 1 — 9/(9 + r). 

Analysis of equation (9.10) also demonstrates that the controller tuning con¬ 
stants and process dynamic model parameters appear in the following dimension¬ 
less forms: 


Gain = K C K P 

Integral time = 77/(0 + r) (9.11) 

Derivative time = T d /(9 + r) 

These relationships are consistent with a common-sense interpretation of the feed¬ 
back controller relationships. The dimensionless gain involves the magnitude of 
the change in the manipulated variable to correct for an error and should be related 
to the process gain. Also, proportional mode has no time dependence. The dimen¬ 
sionless integral time and derivative times involve the time-dependent behavior of 
the controlled variable and should be related to the dynamics or “time scale” of 
the process. 

The disturbance model is assumed to be the same as the feedback process 
model; that is, G d (s) = G p (s). Noise is assumed to be present in the controlled 
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variable, as discussed in Section 9.3 and defined in Appendix E. The resulting 
transfer function has only one parameter that is entirely a function of the process 
[i.e., the fraction dead time 0/(9 + t)]; the tuning constants, expressed in the 
dimensionless forms in equation (9.11), also influence the dynamic performance. 
For the control objectives and process model (with error estimate) defined in Table 
9.1, the tuning correlations are developed by (1) selecting various values of the 
fraction dead time in its possible range of 0 to 1 and (2) optimizing the control 
performance for each value by adjusting the dimensionless tuning constants. 

The results for the disturbance response are plotted in Figure 9.5a through c. 
The correlations indicate that a high controller gain is appropriate when the process 
has a small fraction dead time and that the controller gain generally decreases as 
the fraction dead time increases. This makes sense, because processes with longer 
dead times are more difficult to control; thus, the controller must be detuned. The 
dimensionless derivative time is zero for small fraction dead time and increases for 
longer dead times to compensate for the lower controller gain. The dimensionless 
integral time remains in a small range as the fraction dead time increases. 

The same procedure can be performed for the other major input forcing: set 
point changes. All of the assumptions and equation simplifications are the same, 
and the set point is assumed to change in a step. The resulting correlations are pre¬ 
sented in Figure 9.5 d through/ The tuning constants have the same general trends 
as the fraction dead time increases. The selection of whether to use the disturbance 
or set point correlations depends on the dominant input variation experienced by 
the control system. 

The range of model errors, ±25 percent, is reasonable when all parameters are 
significantly different from zero. However, when this percentage error is used, a 
very small dynamic parameter would also have a very small associated error, which 
may not be realistic. Because an underestimation of the error would generally lead 
to a controller that is too aggressive, and because the controller for 9/(9 +r) = 0.10 
is already quite aggressive, the tuning correlations are not extended lower than 0.10, 
and the recommended tuning constant values are shown by the lines maintaining 
the constant values for 9/(9 + t) from 0.10 to 0. These values can be improved 
through fine-tuning, if required, as described later in this chapter. 

The tuning correlations presented in this section were developed by Ciancone 
and Marlin (1992) and will be referred to subsequently as the Ciancone correla¬ 
tions. The controller tuning method using the Ciancone correlations consists of 
the following steps: 


1. Ensure that the performance goals and assumptions are appropriate. 

2. Determine the dynamic model using an empirical method (e.g., the process 
reaction curve), giving K p , 6, and t. 

3. Calculate the fraction dead time, 9/(9 + r). 

4. Select the appropriate correlation, disturbance, or set point; use the disturbance 
if not sure. 

5. Determine the dimensionless tuning values from the graphs for K C K P , 
T,/(9 + r), and T d /(9 + r). 

6. Calculate the dimensional controller tuning, e.g., K c = (K C K P )/K P . 

7. Implement and fine-tune as required (see Section 9.5). 
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Fraction dead time (g^_) 
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FIGURE 9.5 


Ciancone correlations for dimensionless tuning constants, PID algorithm. For disturbance 
response: (a) control system gain, ( b ) integral time, (e) derivative time. For set point 

response: ( d ) gain, (e) integral time, (/) derivative time. 
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The reader should recall the likely accuracy in the dynamic model when tuning a 
PID controller. The gain, time constant, and dead time from empirical identification 
have significant errors (20 percent is not uncommon); therefore, precise values 
from the correlations are not required, because small errors in reading the plot are 
insignificant when compared with the modelling errors. The use of the correlations 
is demonstrated in the following examples. 

EXAMPLE 9.2. 

Determine the tuning constants for a feedback PID controller applied to the three- 
tank mixing process for a disturbance response (step in * A b) using the Ciancone 
tuning correlations. 

The first step is to fit a first-order-with-dead-time model to the process, which 
was done using the process reaction curve method in Example 6.4. The results 
were K p = 0.039 %A/% valve opening; 9 = 5.5 min; and r = 10.5 min. Then, the 
independent parameter is calculated as 0/{6- t-r) = 0.34. The dependent variables 
are determined from Figure 9.5a through c, and subsequent tuning constants are 
calculated as follows: 

K C K P = 1.2 K c = 1.2/.039 = 30% open/%A 
T,/(9 + r) = 0.69 T, = 0.69(16) = 11 min 

T d /(0 + r) = 0.05 T d = 0.05(16) = 0.8 min 

The dynamic response of the feedback system to a step feed composition 
disturbance of magnitude 0.80%A occurring at time = 20 is given in Figure 9.6, 
which results in an IAE of 7.4. The dynamic response is “well behaved"; that is, the 




Dynamic response of three-tank process and PID controller with timin g 
from Example 9.2. 







controlled variable returns to its set point reasonably quickly without excessive os¬ 
cillations, and the manipulated variable does not experience excessive variation. 
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The result in Example 9.2 shows that the correlations, which were developed for 
first-order-with-dead-time plants, provide reasonable tuning for plants with other 
structures as long as the feedback process dynamics can be approximated well with a 
first-order-with-dead-time model. Recall that overdamped processes with monotonic 
S-shaped step responses are well represented by first-order-with-dead-time models. 


EXAMPLE 9.3. 

When developing the correlations, the assumption was made that the disturbance 
transfer function was the same as the process feedback transfer function. Evaluate 
the tuning correlations for the same three-tank system considered in Example 9.2 
with a different disturbance time constant. 

Original disturbance transfer function: 


GAs) = 


I 

(5s + l) 3 


Altered disturbance transfer function: 


GAs) = 


1 

(5s + 1) 


The altered transfer function would occur if the disturbance entered in the last 
tank of the three. The resulting transient of the system under closed-loop control 
is plotted in Figure 9.7. As would be expected, the response is different, with the 
faster disturbance resulting in poorer control with respect to the maximum devi¬ 
ation and IAE, which increased to 8.3. The slightly poorer control performance is 
the result of a more difficult process, due to the faster disturbance, being con¬ 
trolled. Note that the correlation tuning constants give reasonably good, although 
not “optimal,” performance even when the disturbance transfer function differs 
significantly from the feedback transfer function. 


EXAMPLE 9.4. 

The correlations have been developed assuming that the process is linear, and it 
has accounted for changes in the process dynamics through the range of model 
error considered. In this example a process is considered in which the nonlinear¬ 
ities influence the dynamics during the transient response. The three-tank mixer 
described in Example 7.2 is nonlinear if the flow of stream B changes, as seen by 
the fact that the time constants and gain in the linearized model depend on F B . 
Determine the tuning and dynamic response for the situation in which F B changes 
from its base value of 6.9 m 3 /min to 5.2 m 3 /min and returns to its base value. 

The tuning for the initial condition has been determined in Example 9.2. Before 
evaluating the dynamic response, it is worthwhile determining the change in the 
process dynamics resulting from the change in F Bl which is summarized here for 
the models linearized about the base and disturbed steady states: 
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Time 


FIGURE 9.7 


Dynamic response of three-tank mixing process with faster disturbance 
dynamics from Example 93. 


Parameter 

Dependence on process 

Base case 
value [F b = 6.9) 

Disturbed case 
value [F b - 5.2) 

Time constant, r (min) 

V/(F b + ft) 

5.0 

6.6 

Steady-state gain, K P (%A/% open) 

^u[(*a)a ~ (*a)b]Fb/(Pb + Fa) 2 


0.051 


The process model changes during the transient, and it would be proper to 
correct the tuning. However, it is not possible to change the tuning for all distur¬ 
bances, many of which are not measured; thus, the base case tuning is used during 
the entire transient in this example. The results are plotted in Figure 9.8. Note that 
the first transient in response to a decrease in flow experiences rather oscillatory 
behavior; this is because the process dynamics are slower because of the change 
in operations, and consequently the tuning is too aggressive. When returning to 
the base case, the tuning is only slightly underdamped, because the conditions 
are close to the dynamics for which the tuning constants were determined. Even 
for this significant change in process dynamics, the PID algorithm with tuning from 
the Ciancone correlations provides acceptable performance. Thus, the system is 
robust to disturbances of the magnitude considered in this example. However, 
larger changes in process operation would result in larger model variation and 
could seriously degrade performance or even cause instability. One method for 
maintaining good control performance when large changes in dynamics occur is 




to continually recalculate the tuning constant values based on measured distur¬ 
bances. This method is explained in Section 16.3. 


The results of the tuning studies lead to two important observations concerning 
the effects of process dynamics on tuning. First, the controller should be detuned; 
that is, the feedback adjustments should be reduced as the fraction dead time of 
the feedback process increases. Thus, we conclude that dead time in the feedback 
loop results in reduced or slower feedback adjustments and, presumably, poorer 
control. Theoretical justification for this result is presented in Chapter 10, and the 
effect on feedback performance is confirmed in Chapter 13. 

The second observation is that two models, the feedback process G p (s ) and 
the disturbance process Gd(s), both affect the tuning; this is determined by com¬ 
paring the results for a process disturbance, which enters through a first-order time 
constant, with those for a set point change, which is a perfect step. However, the 
major influence on tuning is normally from the feedback dynamics, and again, 
theoretical justification for this result will be presented in the next chapter. Other 
studies by Hill et al. (1987) showed that the tuning is insensitive to the disturbance 
time constant when r ( y > r; thus, the differences between Figure 9.5a through c 
and 9.5 d through/ typically represent the maximum change in tuning in response 
to different disturbance types. 

In many control applications the derivative mode is not employed. This is the 
case if the measurement signal has considerable noise. Also, the tuning correlations 
demonstrate that the derivative time is very small when the fraction dead time 
is small. Thus, tuning correlations for a proportional-integral (PI) controller are 
provided in Figure 9.9a and b for a disturbance and set point responses. Note that 
it would not be correct to use the PID values and simply set the derivative time Tj 
to zero, because of the interaction between the tuning constant values, although 
the correlations in Figure 9.9 are close to those in Figure 9.5 because of the small 
values of the derivative time in Figure 9.5. 

The tuning correlations presented in Figures 9.5 and 9.9 depend on the goals 
specified for the control performance. It is interesting to compare the results to a 
different set of goals. One of the earlier studies using an optimization procedure was 
performed by Lopez et al. (1969). In their study the goal was simply to minimize the 
IAE (our goal 1), without concern for potential variation in feedback dynamics or 
limitations on manipulated-variable transient behavior. Their results are presented 
in Figure 9.10a and b and are applied in the following example. 

EXAMPLE 9.5. 

The altered mixing process in Figure 9.1, with the transfer function given below, is 
to be controlled with a PI controller. Calculate the tuning constants according to 
correlations in Figure 9.9a and b and 9.10 using the nominal model given below. 
Calculate the transient responses to a step disturbance of 2%A in feed composition 
at time = 7 for (a) the nominal feedback process and (b) an altered plant as defined 
below. Note that the nominal and actual plants have the same steady-state gain 
and “speed of response," as measured by the time to reach 63 percent of their 
steady-state value to a step change input; they differ only in their fraction dead 
time. 
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Controlled variable 




Disturbance 



Time 

FIGURE 9.8 

Dynamic response for Example 9.4 in 
which the feedback dynamics change 
due to the disturbance. 
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(b) 


(d) 


FIGURE 9.9 


Ciancone correlations for dimensionless tuning constants, PI algorithm. For disturbance 
response: (u) controller gain and ( b ) controller integral time. For set point response: 

(c) controller gain and ( d ) controller integral time. 



Nominal plant: 


Altered plant: 


„ , v 2.0e~ 2j 

G ' (s) = sTTT 
Gdis) = 87+T 

0 + r = 10 
9 


<9 + r 


= 0.2 


2 . 0^" 35 

75+1 

1.0 

7c _L 1 


e 

0 + T 


= 0.3 




















































(1 + 0 ) t'l 



Fraction dead time 


(a) 



FIGURE 9.10 

Lopez et al. (1969) tuning correlations for minimizing the 
IAE for a PI controller in response to a disturbance. 
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The tuning constant values can be calculated for each correlation from the 
charts using the nominal model as 



Ciancone 

Lopez 


K c 

0.9 

1.5 

%open/%A 

T, 

5.2 

6.0 

min 

SHSBiH 


The closed-loop dynamic responses are given in Figure 9.11 a through d, and 
the control performance measure of IAE is summarized as 




Ciancone 


Lopez 
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FIGURE 9.11 
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(d) 


Dynamic responses of deviation variables. With Ciancone tuning: (a) nominal plant, 
(b) altered plant With Lopez tuning: (c) nominal plant, id) altered plant. 



Ciancone 

Lopez 


IAE for nominal plant 

5.9 

4.0 


IAE for altered plant 

7.6 

14.5-*— 

—Ciancone gives robustness 




to model errors 


These results should be anticipated from the control objectives used to derive 
the correlations. The Lopez correlation minimized IAE without consideration for 
model error. Thus, it performs best when the plant model is known perfectly, but it 
is unacceptably oscillatory and tends toward instability for even the modest model 
error considered in this example. The Ciancone correlations determined the tuning 
to perform well over a range of process dynamics; thus, the performance does 
not degrade as rapidly with model error. 
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The results of this section show that simple PID tuning correlations can be 
developed for processes that can be approximated by a first-order-with-dead-time 
model. Selection of the proper correlation depends on the control performance 
goals. If the situation indicates that very accurate knowledge of the process is 
available and there is no concern for the manipulated-variable variation, the best 
performance (i.e., lowest IAE of the controlled variable with PI feedback) is ob¬ 
tained using the Lopez correlations; however, the control system with these tuning 
constants will not perform well if the process model has significant error or if the 
measurement has significant noise. As the control performance goals are defined 
more realistically for typical plant situations, the resulting tuning allows for more 
modelling error and for some limitation on the manipulated-variable variation, and 
the resulting correlations have a broader range of good performance. This is an 
important factor for control systems that function continuously for months or years 
as plant conditions change. Thus, the Ciancone correlations are recommended here 
as a starting point for most control systems. 


Fine-Tuning the 
Controller lining 
Constants 


T\ming correlations have been developed as a function of fraction dead time for a 
PID controller, a first-order-with-dead-time process, and typical control objectives. 
These are recommended for obtaining initial tuning constant values when the plant 
situation matches the factors in Table 9.1. 


It is important to recognize that no claim is made for optimality in the real world, 
although an optimization method was used to determine the solution to the math¬ 
ematical problem. The Ciancone correlations simply used a realistic definition of 
control performance to determine tuning. Also, while examples have shown that 
the correlations are valid for different disturbance model parameters and model 
errors, extrapolation beyond the defined conditions of the correlation (Table 9.1) 
must be done with care. 


9.5 0 FINE-TUNING THE CONTROLLER TUNING 
CONSTANTS 

The tuning constants calculated according to any method—optimization, correla¬ 
tions, or the stability analysis in the next chapter—should be considered to be initial 
values. These values can be applied to the process to obtain empirical information 
on closed-loop performance and modified until acceptable control performance 
is obtained. Determining modifications based on initial dynamic responses, often 
termed fine-tuning, is necessary because of errors in the base case process model 
and simplifications in the tuning method. A fine-tuning method is described here 
for a process being controlled by a PI control algorithm. This method is easy to 
perform and gives additional insight into the way the controller modes combine 
when controlling a process. 

After the initial tuning constants have been calculated and entered into the 
algorithm, the controller’s status switch can be placed in the automatic position to 
allow the controller to perform its calculation and adjust the final element. Then, 
the response to a set point change is diagnosed to determine whether the tuning is 
satisfactory. A set point change is considered here because 
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1. It can be introduced when the diagnosis is performed. 

2. A simple time-dependent input disturbance—a step—is easy to achieve. 

3. The magnitude can be selected by the engineer. 

4. The effects of the proportional and integral mode calculations can be separated, 
which greatly simplifies the diagnosis of the controller behavior. 

The step response of a control system with a well-tuned PI controller is given in 
Figure 9.12. The first important feature is the immediate change in the manipulated 
variable when the set point is changed. This is due to the proportional mode and 
is equal to K c AE(t), which is equal to £ c ASP(r). This initial change is typically 
50 to 150 percent of the change at the final steady state. The second feature is the 
delay, due to the dead time, between when the set point is changed and when the 
controlled variable initially responds. No controller can reduce this delay to be less 
than the dead time. During the delay the error is constant, so that the proportional 
term does not change, and the magnitude of the integral term increases linearly 
in proportion to K c E(t)/Ti. When the controlled variable begins to respond, the 
proportional term decreases, while the integral term continues to increase. At the 
end of the transient response the proportional term, being proportional to error, is 
zero, and the integral term has adjusted the manipulated variable to a value that 
reduces offset to zero. 

The value of this interpretation can be seen when an improperly tuned con¬ 
troller, giving the response in Figure 9.13, is considered. The control response 
seems slow, resulting in a large IAE and a long time to return to the set point. 
Analysis of the transient indicates that the initial change in the manipulated vari¬ 
able when the set point is changed, termed the proportional “kick,” is only about 
30 percent of the final value, which indicates too small a value for the controller 
gain. The conclusion for the diagnosis is that the control system performance can 
be improved by increasing the controller gain, most likely in several moderate 
steps, with a plant test at each step to monitor the results of the changes. The 



FIGURE 9.12 

Typical set point response of a well-tuned PI control 
system. 
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FIGURE 9.13 


Example of a dynamic response of a PI control system with 

the controller gain too small. 


Fine-lbning the 
Controller Tuning 
Constants 



FIGURE 9.14 

Dynamic response of the control system in Example 9.6. 


substantially improved performance of the control system with the controller gain 
increased by a factor of 2.5 is shown in Figure 9.12. 

EXAMPLE 9.6. 

A PI controller was not providing acceptable control performance. Preliminary 
analysis indicated that the sensor and control valve were functioning properly, so 
a step change was introduced to its set point. The response is given in Figure 
9.14. Diagnose the performance, and suggest corrective action. 

Solution. The transient response is highly oscillatory, indicating a controller that 
is too aggressive. The cause could be too large a controller gain, too short an in¬ 
tegral time, or both. The immediate proportional change is only about 70 percent 
of the final change in the manipulated variable; therefore, the controller gain is in a 
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reasonable range, is certainly not too large, and should not cause oscillatory be¬ 
havior. The conclusion is that the integral time is too short. The transient response 
with double the integral time is that shown in Figure 9.12, confirming that reason¬ 
ably good control performance can be achieved by changing only the integral 
time. 


B 


*A0 



EXAMPLE 9.7. 

The three-tank mixing control system has been tuned initially, and the system's 
dynamic response to a set point change is given in Figure 9.15a. Note that the 
measured concentration experiences many small disturbances because of chang¬ 
ing inlet concentrations and flows in the process as well as measurement error. 
This noisy data more closely represents empirical data from process plants than 
do the ideal simulations in Figures 9.12 through 9.14. The control objectives have 
two unique aspects in this example, which are different from the general objectives 
considered so far but are not unusual in the process industries. 

1. The downstream process is sensitive to oscillations in the concentration. 
Therefore, the controlled concentration should not experience overshoot. 

2. The plant that supplies component A functions better with a smooth opera¬ 
tion. Therefore, high-frequency variation in the manipulated variable is to be 
minimized. 

The initial tuning constants are K c = 45% opening/%A, T, = 11.0 minutes, and 
T d = 0.8 minute. Suggest changes to the tuning constant values that will improve 
the performance. 


Solution. The large, high-frequency variation in the manipulated variable is 
caused to a large extent by the noisy measurement and the derivative mode. 
Therefore, the first suggestion would be to reduce the derivative time to zero. Next, 
the controlled variable overshoots its set point, which can be prevented by making 
the controller feedback action less aggressive. Reducing the controller gain will 
slow the response and also slightly reduce the high-frequency variation of the ma¬ 
nipulated variable, both desirable effects. The resulting tuning constants, which 
could be arrived at after several trials, are K c = 15, T, = 11, and T d = 0. A much 
more satisfactory dynamic response—that is, one that more closely satisfies the 
stated objectives for this example—was obtained with these tuning constants, as 
shown in Figure 9.15b. Note that the much smoother performance was achieved 
with only a small increase in IAE, which changed from 11.6 to 12.9. 


These fine-tuning examples demonstrate that 


Analysis of the responses of the controlled and manipulated variables to a step 
change in the set point provides valuable diagnostic information on the causes of 
good and poor control performance, allowing the performance to be tailored to 
unique control objectives. 
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(a) 


Conclusions 



(*) 

FIGURE 9.15 


Dynamic responses of feedback control system in Example 9.7: 
(a) initial (IAE = 11.6); (b) after fine-tuning (IAE = 12.9). 


Again, we see that both the controlled and manipulated variables must be observed 
when analyzing the performance of feedback control systems; complete diagnosis 
is not possible without information on both variables. 


9.6 □ CONCLUSIONS 

The starting point for feedback control consists of the control objectives, here 
specified as three goals. These goals encompass the major factors in process control 
performance; the specific parameters used (e.g., percent model error and limits on 
manipulated-variable variation) can be selected to match a specific problem. 
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Control performance must be defined with respect to all important plant operating 
goals. In particular, desired behavior of the controlled and manipulated variables 
must be defined for expected disturbances, model errors, and noisy measurements. 


A simple variable reduction of the closed-loop transfer function, based on dimen¬ 
sional analysis, can be employed in extending the optimization to general tuning 
correlations. These correlations are applicable only to those systems for which 
the underlying assumptions are valid: The process should be well represented by a 
first-order-with-dead-time model, the model errors should be in the assumed range, 
and the desired controlled and manipulated behavior should be similar to the ob¬ 
jectives stated in Table 9.1. Examples have demonstrated that the process does 
not have to be perfectly first-order with dead time to achieve acceptable dynamic 
responses using the tuning correlations. 

A three-step tuning procedure would combine methods in previous chapters 
with methods in this chapter. The first step would be to determine the feedback 
process model G' p (s)G v (s)G s (s) by fundamental modelling or empirical mod¬ 
elling, using either the process reaction curve or a statistical identification method. 
Industrial controls are most often based on empirical models. In the second step, 
the initial tuning constant values would be determined; typically the values would 
be determined from the general correlations, but an optimization calculation could 
be performed for processes that are not adequately modelled by a first-order-with- 
dead-time model. The third step involves a test of the closed-loop control system 
and fine-tuning, if necessary. The set point step change provides separate informa¬ 
tion on the proportional and integral modes to facilitate diagnosis and corrective 
action. 


The dynamic behavior of both the controlled and the manipulated variables is re¬ 
quired for evaluating the performance of a feedback control system. 


The reader should clearly recognize the meaning of the term optimum. It is used 
here to mean results (i.e., tuning constant values) that are determined so that certain 
mathematical criteria are satisfied. The criteria are goals 1 to 3. Naturally, the 
relationships in Table 9.1 were selected to represent the true control situation 
closely for the majority of cases. However, control performance has many facets, 
from safety through profit; therefore, it is sometimes difficult to condense all of the 
critical factors into one measure of control performance. Even if the mathematical 
objectives successfully represent the true desired performance, the results will be 
satisfactory only when the parameters in the mathematical formulation specify the 
desired behavior. These parameters, such as the controlled-variable measurement 
noise, the expected plant model error, and the allowable manipulated-variable 
variation, are never known exactly. Therefore, although the mathematical solution 
is “optimum ” the usefulness of the results depends on the accuracy of the input 
data. 




Practically, the values from the optimization or correlations are used as initial values 
to be applied to the physical system and improved based on empirical performance 
during fine tuning. 

Remember, when tuning a feedback controller, where you 
start is not as important as where you finish! 


Finally, the three tuning constants in the PID algorithm all influence the dynamic 
behavior of the closed-loop system. They must be determined simultaneously, 
because of this interaction. 

It should be apparent that the tuning approach using optimization is not limited 
to PID controllers; if another algorithm were suggested, its parameters could be op¬ 
timized by the same procedure. In fact, some results for other feedback controllers 
are presented in Chapter 19. 

The techniques in this chapter provide practical methods for controller tuning 
that are applicable to many processes. However, they do not provide important 
explanations to key questions such as 

1. Why do the tuning correlations have the shapes in Figure 9.5? 

2. Why can a control system become unstable, and how can we predict when 
this will occur? 

3. How does the controller change the dynamic behavior of an open-loop system 
to that of a closed-loop system? 

Methods for answering these more fundamental questions are addressed in the 
next chapter. 
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67, 856-861 (1989). 
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An alternative method of fine-tuning is based on shapes or patterns of response 
to disturbances. Good and poor responses are identified, and tuning constants are 
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Questions 


These questions reinforce the key aspects of dynamic behavior that are considered in 
defining control performance and how the performance goals and process dynamics 
influence the controller tuning. 


QUESTIONS 

9.1. Given the results of the process reaction curve in Figure Q9.1, calculate 
the PI and PID tuning constants. The process was initially at steady state, 
and the manipulated variable was changed in a step at time = 0 by +7%. 



Time, t 


FIGURE Q9.1 


9.2. Suppose that control goals different from those in Table 9.1 are specified for 
the tuning correlations. Predict the effect on the tuning constant values— 
that is, whether each would increase or decrease from the correlation values 
from Figure 9.5—for each set of goals. 
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(a) The only goal is to minimize the LAE for the base case model. 

(b) The goals are to minimize LAE for ±25% change in model parameters, 
without concern for the manipulated-variable variation. 

(c) The goals are to minimize IAE for ±50% change in model parameters, 
with concern for the manipulated-variable variation—unchanged from 
Table 9.1. 

9.3. Confirm the correlation between the linearized model parameters and the 
process operating conditions in Table 9.3. Calculate the change in flow rate 
for the specified range of model parameters. 

9.4. The dynamic responses shown in Figure Q9.4 were obtained by introducing 
a step set point change to a PID controller. The dead time of the process 
is only a few minutes. For each case, determine whether the control is as 
good as possible and if not, what corrective steps should be taken. Note 
that the diagnosis of this data would require an exact specification of the 
control objectives. Use the general objectives considered in Table 9.1 and 
be as specific as possible regarding the change to the tuning constants. 
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9.5. The tuning constants for the three-tank control system are given in Example 
9.2. Predict how the optimum tuning constants will change as the following 
changes are made to the control system. The analysis should be based on 
principles of process dynamics, tuning factors, and tuning correlations. Be 
as specific as possible without resolving the optimization problem for each 
case. 





(a) A different control valve is installed whose maximum flow is 2.5 times 
greater than the original valve. 
ib) The volume of each tank is reduced by a factor of 2. 

(c) The temperature of stream B is increased by 20°C. 

id) The set point of the controller is increased to 3.5 percent of component 
A in the third-tank effluent. 

( e ) Substantial high-frequency noise is present in the measurement of the 
controlled variable. 

9.6. Given the following process reaction curves, for which of the processes is 
it appropriate to use the general tuning charts in Figure 9.4a through /? 
Explain your answer for each case. 

(a) Figure 3.7 (tank 2 concentration) 

( b ) Figure 3.18 

(c) Figure 5.5 

(d) Figure 1.5 (Appendix I) 

ie) Figure 7.3a, 13b 

if) Figure 8.4a 
(g) Figure 5.17 

9.7. Explain in your own words why the dimensionless parameters are 

id) K C K P . 

ib) T,/i6 + r). 

(c) T d /id + r). 

9.8. Derive the closed-loop transfer function for the three-tank mixing process 
using the analytical (third-order) linearized model in response to a change in 
the composition in the A stream from Example 7.2. Perform a dimensional 
analysis using the method demonstrated in Section 9.4, determine the key 
dimensionless parameters, and explain the form of tuning correlations for 
this model structure and how you would develop them. 

9.9. For one or more of the following processes, calculate the PI controller 
tuning constants by two correlations: Ciancone and Lopez. Compare the 
expected control performance for both correlations in response to a step 
change in the controller set point. Under which circumstances would each 
correlation give the best constants? 

(a) Question 6.1 
ib) Question 6.2 
(c) CSTR in Section 3.6 

id) Example 5.1 

ie) Example 1.2 (Appendix I) 

if) Example 6.4 

9.10. The two series CSTRs in Example 3.3 with the reaction A —> products 

—r A = 6.923 x 10 5 <r 5000/T C A 

with T in K, has its outlet concentration of A, C A 2 , controlled by adjusting 
the inlet concentration C A o. The temperature varies slowly between 290 and 
315 K. Would this temperature variation require a significant adjustment 
in controller tuning? Justify your answer with quantitative analysis. 
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9.11. The three cases used in the tuning optimization are selected to span the 
range of expected plant operation (i.e., the range of plant model parame¬ 
ters). Suppose that the control engineer knew what percentage of the time 
that the plant will operate at various operating conditions in the range. Sug¬ 
gest a modification to the optimization method, specifically the objective 
function, that would include the information on time at each operation in 
determining the optimum tuning constants. 

9.12. The tuning optimization method integrates the equations over a finite time 
to evaluate the IAE. 

(a) Write the equations that could be used to evaluate the IAE from the 
simulation results. 

( b ) Write the equations for the ISE and ITAE that could be used with 
simulation results. For the ITAE, carefully define when the integration 
begins (i.e., where time equals zero). 

(c) Examples in this chapter demonstrated that a poor choice of tuning 
constant values could lead to an unstable system, with the controlled 
variable diverging from the solution. What is the theoretical value of 
the IAE for an unstable control system? How would the optimization 
system described in this chapter respond if an intermediate set of tuning 
constants led to an unstable response? 

(d) Determine the theoretical minimum IAE for controlling an ideal first- 
order process with dead time in response to a step disturbance. 

(e) If an analytical expression were available for CV(f), it could be used in 
tuning. Determine the closed-loop transfer function for a PI controller 
and a first-order-with-dead-time process, G p (s) = K p e~ $s /(rs + 1). 
For a step set point change, SP(s) = ASP/ 5 , solve for CV(j) and 
invert the Laplace transform to obtain CV(f), if possible. 

9.13. Control performance goals are defined in Table 9.1. Propose at least one 
alternative measure for every entry in the column labeled “Used in This 
Chapter.” Each should involve a different performance measure and not be 
simply a different numerical value. Discuss the advantages of each entry, 
the original, and your proposed alternate. 

9.14. Tuning constants for a PI controller for the following process are to be 
determined. 

7 5e~ 2 3s 100 

G' p (s)G v (s)G,(s) = ——- Gflf(j) = —f- 

The control objectives are essentially the same as used in this chapter. 
A colleague has calculated several sets of values for the controller gain 
and integral time. Determine which of these sets of constants, if any, is 
acceptable and explain why or why not. 


Twining Case A Case B Case C Case D 
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9.15. Rules for interpreting the control performance are presented in the section 
on fine-tuning and summarized in Figure 9.12. 

(a) Discuss the advantages of using a set point change response rather than 
the disturbance response. 

( b ) Prove the relationships given in Figure 9.12. 

(c) Demonstrate why the initial change in the manipulated variable is about 
50 to 150 percent of its final value. Does this tuning guideline depend 
on the tuning goals and correlations used? 

9.16. Figure 9.2 gives the controlled variable behavior for various values of the 
controller gain. Sketch the behavior of the manipulated variable you would 
expect for each case and explain your answers. Also, sketch the variable 
given here as a function of the controller gain K c , and explain your answer. 
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Stability 
Analysis and 
Controller 
Tuning 


10.1 Q INTRODUCTION 

To this point, we have developed a control algorithm (the proportional-integral- 
derivative controller) and a method for tuning its adjustable constants. One might 
ask, “Isn’t this sufficient for designing feedback control systems?” The answer is a 
resounding “No!”, because we do not have a general method for evaluating the ef¬ 
fects of elements in the closed-loop system on dynamic stability and performance. 

Through various examples and exercises, we have seen how feedback control 
can change the qualitative behavior of a process, introducing oscillations in an 
originally overdamped system and potentially causing instability. In fact, we shall 
see that the stability limit is what prevents the use of a very high controller gain to 
improve the control performance of the controlled variable. Therefore, a thorough 
understanding of the stability of dynamic systems is essential, because it provides 
important relationships among process dynamics, controller tuning, and achievable 
performance. These relationships are used in a variety of ways, such as selecting 
controller modes, tuning controllers, and designing processes that are easier to 
control. 

10.2 a THE CONCEPT OF STABILITY 

In vernacular English, the term “unstable” has a negative connotation. Certainly, 
no one would want to be described as unstable! This undesirable meaning extends 
to products of engineering design; we generally want our plants and control sys¬ 
tems to be stable. To ensure consistency, we will use a clear and precise definition of 



304 


CHAPTER 10 
Stability Analysis and 
Controller Tuning 


stability, termed bounded input-bounded output stability, which can be employed 
in the design and analysis of process control systems. 


A system is stable if all output variables are bounded when all input variables are 
bounded. A system that is not stable is unstable. 


A variable is bounded when it does not increase in magnitude to ±oo as time 
increases. Typical bounded inputs are step changes and sine waves; an example 
of an unbounded input is a ramp function. Naturally, process output variables 
do not approach ±oo in a chemical plant, but serious consequences occur when 
these variables tend toward ±oo and reach large deviations from their normal 
values. For example, liquids overflow their vessels; closed vessels burst from high 
pressures; products degrade; and equipment is damaged by excessive temperatures. 
Thus, substantial incentives exist for maintaining plant variables, with and without 
control, at stable operating conditions. 

As a further clarification, a chemical reactor would be stable according to our 
definition if a step increase of 1°C in its inlet temperature led to a new steady-state 
outlet temperature that was 100°C higher. Thus, systems that are very sensitive can 
be stable as long as they attain a steady state after a step change. The methods in 
this chapter determine stability strictly as defined here, which is required for good 
operation but clearly is not alone sufficient to ensure good control performance. 
Other aspects of achieving acceptable control performance will be addressed in 
Chapter 13. 


10.3 ® STABILITY OF LINEAR SYSTEMS—A SIMPLE 
EXAMPLE 

Since control system stability is the goal of this chapter, the definition will be 
reinforced through a process example that shows how the addition of feedback 
control changes the dynamic response of a linear process. In the next section, the 
analysis is generalized to any linear system. 


Diameter = 3 m 
Height = 3 m 



FIGURE 10.1 


EXAMPLE 10.1. 

The response of the non-self-regulating level process in Figure 10.1 to a step 
change in the inlet flow is to be determined for a case with proportional-only control. 
The linear models for the process and the controller are 



F m = K C (S P - L) + (F 0 m)s 


( 10 . 1 ) 


Expressing variables in deviation form, equating the set point and initial steady 
state (i.e., L' = L-L S — L- SP), and combining into one equation gives 


Level process for Examples 10.1 and 
10.3. 



= ^i'n + K c L' 


( 10 . 2 ) 


By taking the Laplace transform and rearranging, the transfer function for this 





system can be derived as 
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(10.3) 


Solution. Since the system is simple, the following analytical solution to the equa¬ 
tions can be derived for a step change in the inlet flow, F{ n (s) = A F m /s. 

= e-'K) (10.4) 

with r = A/(-K c ). As can be seen, the controller gain affects the time constant of 
the feedback system. As observed in earlier examples, increasing the magnitude 
of the controller gain, which gives negative feedback control (which in this case is 
K c < 0), decreases the time constant as well as reducing the steady-state offset. 

Note that for this first-order system the controller gain can be set to a very 
large magnitude without causing instability. This conclusion can be demonstrated 
by analyzing the expression for the time constant, which would have to change 
sign to cause instability. Since the time constant is positive and the analytical 
solution has a negative exponent for all gains (K c < 0), this idealized system is 
stable for any negative feedback controller gain. This result is not true for most 
processes, as will be demonstrated in later examples. 

Recall that this analysis is valid only for the ideal, linear level control system 
described in equations (10.1), which has no sensor or final element dynamics and 
is perfectly linear. Also, this analysis ensures only that variables do not increase 
without bound; it does not ensure that the process variables in the real plant will 
remain within acceptable limits. Applying the final value theorem, the ultimate value 
of the level after a step change in the inlet flow is 

A F in 

lim L = lim^L(s) = lims— ^ — = —-tt (10.5) 

oo s-> 0 0 A — A r 

_ c _1_ 1 L 


Substituting the process data into this expression for a 20 m 3 /h change in 
flow and a controller gain of -10 m 3 /h/m gives a final level deviation of 2 m, which, 
assuming that the level began in the middle of its range, is half a meter above 
the top of the tank wall! For this input the plant demonstrates nonlinear behavior 
by overflowing and is not modelled accurately by equations (10.1) when overflow 
occurs. Clearly, good control performance requires more than stability; however, 
stability is one essential component of a well-performing control system. 


Stability Analysis of 
Linear and Linearized 
Systems 


This example demonstrates that the stability of the level system depends on 
the sign of the exponential term in the solution and that the feedback controller 
affects the exponential term. In the next section, the relationship of the exponential 
term to stability is generalized to address a set of ordinary differential equations 
of arbitrary order. 

10.4 □ STABILITY ANALYSIS OF LINEAR AND LINEARIZED 
SYSTEMS 

Essentially all chemical processes are nonlinear. Since no general stability analysis 
of nonlinear systems is available, the local stability of the linearized approxima¬ 
tion about a steady state is evaluated. The local linear analysis is valid only in 
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a very small region (theoretically, a differential region) about the linearization 
conditions. We will assume that a differential region exists about the steady-state 
operating conditions within which stability can be investigated, and Perlmutter 
(1972) gives a thorough justification of the linearized analysis, sometimes referred 
to as Liapunov’s first method. 

Since the control system reduces variability in the controlled variables, the 
linear stability analysis is often adequate for making the control design and tuning 
decisions. However, we must recognize that the analysis is valid only at a point and 
that no rigorous conclusions can be drawn for a finite distance from this point. The 
successes of the vast majority of process control strategies designed using linear 
methods attest to the validity of the approach, when applied judiciously. 

To develop a general stability analysis for linearized systems, the following 
nth-order linear dynamic model with a forcing function f(t) is considered. 

d n Y d n ~ l Y 

Note that we often formulate the model as a set of first-order differential equations, 
which can be combined in the form of equation (10.6) by any of several proce¬ 
dures, such as taking the Laplace transform of the original models and combining 
algebraically. 

The solution to equation (10.6) is composed of two terms: the particular 
solution, which depends on the forcing function, and the homogeneous solution, 
which is independent of the forcing function (Boyce and Diprima, 1986). The 
forcing functions for process control systems are set point changes and disturbances 
in process variables such as feed composition, which, since they are bounded, 
cannot cause instability in an otherwise stable system. Thus, we conclude that 
the particular solution of a stable system with bounded inputs must be stable. 
Therefore, the stability analysis concentrates on the homogeneous solution, which 
determines whether the system is stable, with or without forcing, as long as the 
inputs are bounded (Willems, 1970). 

The Laplace transform of the homogeneous part of equation (10.6), with all 
initial conditions equal to zero, is 

(s" H-+ flo)l , (-s) = 0 (10.7) 

As demonstrated in Chapter 4, the solution to equation (10.7) is of the form 
Y(t) = + • • • + (Bi + B 1 t + ■ • •)*“'' 

( 10 . 8 ) 

H* [Ci cos (cot) -(- C 2 sin (ooty\e aqt *(-••• 


where a,- = the ith real distinct root of the characteristic polynomial 

a p = repeated real root of the characteristic polynomial 
a q = real part of complex root of the characteristic polynomial 
A, B,C = constants depending on the initial conditions 

The stability of the linearized system is entirely determined by the values of 
the exponents (the a’s). When all of the exponents have negative real parts, the 
solution cannot increase in an unlimited fashion as time increases. However, if 
one or more exponents have positive real parts, variables in the system will be 
unbounded as time increases, and the system will be unstable by our definition. 
The special case of a zero real part is considered in Example 10.3, where it is shown 



that a system with one or more zero real parts is bounded input-bounded output 
unstable. Thus, a test for stability involves determining all exponential terms and 
can be summarized in the following principle. 


• The heal stability of a system about a steady-state condition can be determined 
from a linearized model. 

• The linear approximation of the system is bounded input-bounded output stable 
if all exponents have negative real parts and is unstable if any exponential real 
part is zero or positive. 


307 


Stability Analysis of 
Linear and Linearized 
Systems 


The linear approximation is valid only at the point of linearization. If the process 
operation changes significantly, the stability can be determined for several points 
with different operating conditions. However, the fact that a system may be stable 
for many points does not ensure that it is stable for conditions between these stable 
points. This is sometimes referred to as pointwise or local stability determination. 


EXAMPLE 10.2. 

Determine the stability of the variable T'(t) from the following model. 

d 2 T dT 

—— - 1.23— - 1.38T' = 0 (10.9) 

dt 2 dt 

The exponential terms can be evaluated according to the following procedure. 
(j 2 - 1.23s- 1.38)r(j) = 0 

5 2 - 1.235- 1.38 = 0 (10.10) 

s = -0.71 s = 1.94-*—unstable! 

T\t) = A,e-°- 71 ' + A 2 e‘- 94 ' 

It is clear that T’(t) is locally unstable about the steady state, because one 
of the exponential terms has a real part greater than zero. Insight into the cause 
of instability in a process without feedback control is given in Appendix C, where 
a chemical reactor is analyzed. (The numerical values for this example are from 
Case II in Appendix C, Table C.1.) 



EXAMPLE 10.3. 

The stability of the level process without control (K c = 0) shown in Figure 10.1 is to 
be determined. The vessel size and steady-state flow are the same as in Example 
10.1. A material balance on the vessel results in the following model: 

A^p. = F in (t)-F 0Ut (t) (10.11) 

dt 

The model can be written in deviation variables and in transfer function form 
for the case with the outlet flow constant: 

( 10 . 12 ) 

at 

L{s) 1 


Finis) As 


(10.13) 
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The solution to this equation has a real part of the exponential equal to zero. We 
will assume that the process is initially at steady state and investigate the behavior 
of the level for two different input flows. First, assume that the flow in varies around 
its steady-state value according to a sine, M sin (cot), and the system is initially at 
steady state. The analytical solution for the level is as follows, and the dynamic 
behavior is shown in Figure 10.2 with A = 7.1 m 2 , M = 2 m 3 /mm, and w = 1 
rad/min. 



Time 


FIGURE 10.2 

Response of the level in Example 103 to 
a sine flow disturbance. 



Time 


FIGURE 10.3 


L'(t) = — [1 - cos (euf)] = 0.282(1 - cos(r» (10.14) 

Aw 

For this bounded input function, the output of the linearized system is bounded; 
therefore, the system is stable in this case. The second case involves a step 
function in the inlet flow, which increases by 2 m 3 /h at time = 0. The analytical 
solution for the level subject to a step change of magnitude M from an initial 
steady state is as follows, and the dynamic behavior is shown in Figure 10.3. 

M 

L'(t) = —t = 0.282r (10.15) 

A 

For this bounded input, the output of the linearized model is unbounded (although 
the true nonlinear level is bounded because the maximum level is reached and 
the liquid overflows). Thus, the result of the stability analysis indicates a serious 
deficiency in the level process behavior without control, which should be modified 
through feedback. 

The difference between the behavior of the levels in these two cases is due 
to the nature of the forcing functions. The sine variation in deviation variables 
has a zero integral over any multiple of its period; thus, the level increases and 
decreases but does not accumulate. The step forcing function has a nonzero 
integral that increases with time, and the level, which integrates the difference 
between input and output, increases monotonically toward infinity. Since we are 
interested in general statements on stability that are valid for all bounded inputs, 
we shall consider a system with a zero real part in its exponential to be unstable, 
because it is unstable for some bounded input functions. 


Response of the level in Example 103 to 
a step flow disturbance. 


Local stability analysis using linearized models determines stability at the steady 
state; no rigorous information about behavior a finite deviation from the steady state 
is obtained. 


10.5 □ STABILITY ANALYSIS OF CONTROL SYSTEMS: 
PRINCIPLES 

Again, the local stability of a system will be evaluated by analyzing the linearized 
model. The analysis method for linear systems can be tailored to feedback control 
systems by considering the models in transfer function form. The resulting methods 
will be useful in (1) determining the stability of control designs, (2) selecting tuning 
constant values, and (3) gaining insight into how process characteristics influence 
tuning constants and control performance. We begin by considering a general 
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transfer function for a linear control system in Figure 10.4. 


CV(j) _ Gp(s)GAs)Gc(s ) 

SP(*) 1 + G p (s)G v (s)G c (s)G s (s) 

CVQs) _ Gj(s) _ 

D(5) ““ 1 + G p (s)G v (s)G c (s)G s (,s) 


(10.16) 


For the present, we will consider only the disturbance transfer function and 
will assume that the transfer function can be expressed as a polynomial in s as 
follows: 


(1 + G p (s)G v (s)G c (s)G s (s)) CV(s) = G d (s)D(s) (10.17) 

(*" + + a 2 s n ~ 2 + • • •) CV(s) = (s - P\)(s -p 2 )---(s- p m )D(s) 

The right-hand side (the numerator of the original transfer function) represents the 
forcing function, which is always bounded because physical input variables cannot 
take unbounded values, and we assume that the disturbance transfer function, 
Gd(s) y is stable. 


Stability Analysis of 
Control Systems: 
Principles 


The essential information on stability is in the left-hand side of equation (10.17), 
called the characteristic polynomial which is the denominator of the closed-loop 
transfer function. In the system being considered, Figure 10.4, the characteristic 
polynomial is 1 + G p (s)G v (s)G c (s)G s (s). Setting the characteristic polynomial to 
zero produces the characteristic equation . 


Before continuing, it is important to note that either transfer function in equa¬ 
tion (10.16) could be considered, because the characteristic equations of both are 
identical. Thus, the stability analyses for set point changes and for disturbances 
yield the same results. Examination of the characteristic equation demonstrates 



Transfer Functions 
G c (s) = Controller 

G v (s) = Transmission, transducer, and valve 
G p {s) = Process 

G s (j) = Sensor, transducer, and transmission 
G d (s) = Disturbance 


Variables 

CV(s) = Controlled variable 

CV w (j) = Measured value of controlled variable 

D(s) = Disturbance 

MV(j) = Manipulated variable 

SP(s) = Set point 

FIGURE 10.4 

Block diagram of a feedback control system. 
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that the equation contains all elements in the feedback control loop: process, sen¬ 
sors, transmission, final elements, and controller. As we would expect, all of these 
terms affect stability. The disturbances and set point changes are not in the char¬ 
acteristic equation, because they affect the input forcing; therefore, they do not 
affect stability. Naturally, the numerator terms affect the dynamic responses and 
control performance and must be considered in the control performance analysis, 
although not in this part, which establishes stability. 

Continuing the stability analysis, the solution to the homogeneous solution 
is evaluated to determine stability. For the transfer function, the exponents can 
be determined by the solution of the following equation resulting from equation 
(10.17): 

(s n +ai^" -1 +a 2 s”~ 2 H-) = 0 (10.18) 

As before, if any solution of equation (10.18) has a real part greater than or equal 
to zero, the linearized system is unstable, because the controlled variable increases 
without limit as time increases. The stability test is summarized as follows: 


A linearized closed-loop control system is locally stable at the steady-state point if 
all roots of the characteristic equation have negative real parts. If one or more roots 
with positive or zero real parts exist, the system is locally unstable. 


Recall that the roots of the characteristic equation are also referred to as the 
poles of the closed-loop transfer function, e.g., Gj (s)/[l +G p (s)G v (s)G c (s) G s (s)]. 
This approach to determining stability is applied to two examples to demonstrate 
typical results. 

EXAMPLE 10.4. 

The stability of the series chemical reactors shown in Figure 10.5 is to be deter¬ 
mined. The reactors are well mixed and isothermal, and the reaction is first-order in 
component A. The outlet concentration of reactant from the second reactor is con¬ 
trolled with a PI feedback algorithm that manipulates the flow of the reactant, which 
is very much smaller than the flow of the solvent. The sensor and final element are 
assumed fast, and process data is as follows. 

Process. 


V = 5m 3 F s =5 m 3 /min >> F A 


Solvent 


Reactant 



FIGURE 10.5 


Series chemical reactors analyzed in Example 10.4. 
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v s = 50% open 
Cao = 20 mole/m 3 k = 1 min -1 

C M (s)/v(s) = K v = 0.40 (mole/m 3 )/(% open) Stability Analysis of 

Control Systems: 

PI Controller. Principles 


K c = 15(% open)/(mole/m 3 ) 
7/ = 1.0 min 


Formulation. The process model structure for this system is the same as for 
Example 3.3, but the data is different and the valve gain is included. The transfer 
functions for the process and controller are 


with 



(10.19) 


The individual transfer functions can be combined to give the closed-loop 
transfer function for a set point change, which includes the characteristic equation. 


/ 1 \ 0.10 

CV(j) ^ G p (s)G v (s)G e (s) _ V + \_0sj_ (0.5s + 1)2 

SP(s) 1 +G p (s)G v (s)Gc(s)G,(s) ( \\( 0.1 \ 1 ' ] 

\ Jl(0.5i+l)V 

Characteristic equation. 


0 = 1 + 15 



0.1 

(0.5s + l) 2 


) 


( 10 . 21 ) 


0 = 0.25s 3 + 1.0s 2 + 2.5s+ 1.5 


The solution to this cubic equation gives the exponents in the time-domain solution. 
These values are 


aw = —1.60 ±2.21 j a 3 = -0.81 


Since all roots have negative real parts, this system is stable. Remember, we still do 
not know how well the closed-loop control system performs, although the complex 
poles indicate that the system is underdamped and the integral mode indicates 
that the controlled variable will return to its set point for a steplike disturbance. 



EXAMPLE 10.5. 

The stability of the three-tank mixing process in Example 7.2 is to be evaluated 
under feedback control with a proportional-only controller. 
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Root locus plot for Example 10.5 for controller gain values of (a) 0, ( b ) 50, 
(c) 100, (d) 150, (e) 200, and (f) 250. 


is 


Assuming that the sensor is fast, G s (s) = 1, the closed-loop transfer function 


1 


CV(J) GAS) _ (5s + 1)3 


D(s) 1 + G b (s)G u (s)Gc(s)G s (s) , , „ 0.039 

1 + * C (57TF 


( 10 . 22 ) 


Characteristic equation. 

125 s 3 + 75s 2 + 155 + (1 + 0.039/£<•) = 0 (10.23) 


The solutions to the characteristic equation determine whether the system is 
stable or unstable. Solutions have been determined for several values of the con¬ 
troller gain (with the proper sign for negative feedback control), and the results 
are plotted in Figure 10.6. Since the characteristic equation is cubic, three solu¬ 
tions exist. The system without control, K c = 0, is stable, because all roots (i.e., 
exponential terms) have the same negative real value (-0.2). 

As the controller gain is increased from 0 to 250 in increments of 50, the poles 
approach, and then cross, the imaginary axis. This path can be interpreted as the 
solution becoming more oscillatory, due to the increasing size of the imaginary 
parts, and finally becoming unstable, since the exponents have zero and then 
positive real parts. Based on this analysis, the three-tank mixing process is found 
to be (barely) stable (and periodic) for K c < 200 and unstable for K c > 250; further 
study shows that the stability limit is about K c = 208. The control performance 
would be clearly unacceptable when the system is unstable, but again, we do not 
yet know for what range of controller gain the control performance is acceptable. 


The results of Example 10.5 can be generalized to establish relationships be¬ 
tween locations of roots of the characteristic equation (poles of the closed-loop 
transfer function). In addition, features of dynamic responses can be inferred from 
the poles if a constant transfer function numerator is assumed. These generaliza¬ 
tions are sketched in Figure 10.7, which shows the nature of the dynamic responses 
for various pole locations. Clearly, the numerical values of the poles (or equiva- 
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FIGURE 10.7 

Examples of the relationship between the locations of the exponential terms and the 

dynamic behavior. 


lently, their location in the complex plane) are very important for the dynamic 
response of a closed-loop system. 

The method of plotting the roots of the characteristic equation as a function of 
the controller tuning constant(s) is termed root locus analysis and has been used 
for decades. Note that a root-solving computer program is required to facilitate the 
construction of the plots. We will use another stability analysis method in further 
studies, but we directly calculated the poles of the closed-loop transfer function 
here because of the excellent visual display of the effect of the tuning constants 
on the exponential terms and therefore on stability. In summary, for a linearized 
model (which determines local properties): 


• Application of the general stability analysis method to feedback control systems 
demonstrates that the roots of the characteristic equation determine the stability 
of the system. 

• When the characteristic equation is a polynomial, a straightforward manner of 
determining the stability is to calculate the roots of the characteristic equation. 

• If all roots have negative real parts, the system is bounded input-bounded output 
stable; if any root has a positive or zero real part, the system is unstable. 


10.6 a STABILITY ANALYSIS OF CONTROL SYSTEMS: 

THE BODE METHOD 

The method presented in the previous section presents the principles of stability 
analysis of transfer functions and provides a vivid picture of the effects of controller 
tuning on the stability of control systems. However, we would like to have a method 
for analyzing control systems that 
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The most commonly used stability analysis methods are summarized in Table 10.1. 
Since many plants in the process industries have dead time, the methods that require 
polynomial transfer functions (root locus and Routh) will not be considered further. 
Of the two remaining, the Nyquist method is the most general. However, in spite 
of a few limitations, the Bode method of stability analysis is selected for emphasis 
in this book, because it involves simple calculations and, more importantly in the 
age of computers, gives more easily understood insights into the effect of process 
and controller elements on the stability of closed-loop systems. 

The basis of the Bode method is first explained with reference to the system in 
Figure 10.8a and b; then, a simple calculation procedure is presented with several 
worked examples. Suppose that a sine wave is introduced into the set point with 
the loop maintained open as in Figure 10.8a. Because the system is linear, all 
variables oscillate in a sinusoidal manner. After some time, the system attains a 
“steady state,” a standing wave in which the amplitudes do not change. The sine 
frequency can be selected so that the output signal, CV(r), lags the input signal, 
SP(0, by 180°. Note that the relative amplitudes of the various signals in Figure 
10.8a would normally be different but are shown to be equal here because the 
process and controller transfer functions have not yet been specified. 

After steady state has been attained, the set point is changed to a constant 
value and the loop is closed, as shown in Figure 10.8&. Since this is a closed-loop 
system, the sine affects the process output, which is fed back via the error signal to 
the process input. For the frequency selected with a phase difference of 180°, the 
returning signal reinforces the previous error signal because of the negative sign 
of the comparator. 


1. Involves simple calculations 

2. Addresses most processes of interest 

3. Gives information on the relative stability of the system (i.e., how much a 
parameter must change to change the stability of the system) 

4. Yields insight into how various process and controller characteristics affect 
tuning and control performance 


TABLE 10.1 

Summary of stability analysis methods 


Method 

Plant model 

Stability results 

Results display 

Root locus (Franklin 
et al„ 1991) 

Polynomial in s 

Relative 

Graphical 

Routh (Willems, 

1970) 

Polynomial in s 

Yes or no 

Tabular 

Bode 

(1) Open loop-stable 

(2) Monotonic decreasing 
amplitude ratio (AR) and 
phase angle (4>) as frequency 
increases 

Relative 

Graphical 

Nyquist (Dorf, 1986) 

Linear 

Relative 

Graphical 




FIGURE 10.8 


Bode stability analysis: (a) behavior of open-loop system with sine forcing; 
(i b) behavior of system after the forcing is stopped and the loop is closed. 
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A key factor that determines the behavior of this closed-loop system is the 
amplification as the sine wave travels around the control loop once. If the signal 
decreases in magnitude every pass, it will ultimately reduce to zero, and the system 
is stable. If the signal increases in amplitude every pass, the wave will grow without 
limit and the system is unstable. This analysis leads to the Bode stability criterion. 
Two important factors need to be emphasized. First, the analysis is performed at the 
frequency at which the feedback signal lags the input signal by 180°; this is termed 
the critical or crossover frequency. Naturally, the critical frequency depends on all 
of the dynamic elements in the closed-loop system. Second, for the amplitude of the 
wave to increase, the gain of the elements in the loop must be greater than 1. This 
gain depends on the amplitude ratios of the process, instrument, and controller 
elements in the loop at the critical frequency. The result is the Bode stability 
criterion for linear systems, which gives local results for a nonlinear system. 


The Bode stability criterion states that a closed-loop linear system is stable when its 
amplitude ratio is less than 1 at its critical frequency. The system is unstable if its 
amplitude ratio is greater than 1 at its critical frequency. 


From this analysis, it is clear that a system with an amplitude ratio of exactly 
1.0 would be at the stability limit, with a slight increase or decrease resulting in 
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instability or stability, respectively. Because of small inaccuracies in modelling 
and nonlinearities in processes, no real process can be maintained at its stability 
limit. 

Note that the Bode method considers all elements in the feedback loop: pro¬ 
cess, sensors, transmission, controller, and final element. Naturally, some of these 
may contribute negligible dynamics and can be lumped into a smaller number of 
transfer functions. By convention, the transfer function used in the Bode analy¬ 
sis is termed the open-loop transfer function and is represented by the symbol 
Gql(s). 


G 0 l(s) = G p (s)G v (s)G c (s)G s (s) (10.24) 

Before the Bode method is discussed further, limitations are pointed out. The 
Bode method cannot be applied to a few systems in which Gol(s) has particular 
features: 

1. Unstable without control 

2. Nonmonotonic phase angles or amplitude ratios at frequencies higher than the 
first crossing of —180° 

The Bode method is not appropriate for these systems because 

1. The experiment in Figure 10.8 cannot be performed for an unstable process. 

2. Nonmonotonic behavior in the Bode diagram of Gol(s) could lead to a higher 
harmonic of the critical frequency for which the magnitude is greater than 1.0. 

For processes with these features, the Nyquist stability analysis is recommended 
(Dorf, 1986). 

The amplitude ratio can be determined through analytical relationships intro¬ 
duced in Chapter 4. The important relationships are summarized below for a general 
transfer function; these were applied to process transfer functions in Chapter 4 and 
will be extended here to GolC*)- As a brief summary of results in Chapter 4, 

1. The frequency response relates the long-time output response to input sine 
forcing of the system. 

2. The frequency response of a linear system can be easily calculated from any 
stable transfer function, G(s), as G(jco). 

3. The amplitude ratio is the ratio of the output over the input sine magnitudes 
and can be calculated as 

AR = \G(jco)\ = V(Re [G(ja>)]) 2 + (Im [GO'w)]) 2 (10.25) 

4. The phase angle gives the amount that the output sine lags the input sine and 
can be calculated as 

* = iau<a) = ,an '' (,a26) 

Another important simplification provides a way for the frequency response 
of a series of transfer functions to be calculated from the individual frequency 



responses. First, each individual transfer function can be represented in polar form 
by 

G i (j(o) = \G i U(o)\e- <t, ‘ j (10.27) 

The series transfer function can then be expressed as 

G(ja>) = ]"][ Gi(jco) = ^J”[ |G,0‘ft>)| j exp = ARe^ (10.28) 


n n 

with AR = f]|G,(»| * = £> 

i=l i=l 

These are especially useful relationships, because the individual transfer functions 
used in the Bode method, GolCO, are often in series as shown in Figure 10.4 and 
equation (10.24). 

In addition to the simplifications in the calculation, the frequency response of 
a transfer function can be presented in a clear graphical manner using Bode plots. 
These plots, introduced in Chapter 4, present the amplitude ratio and the phase 
angle as a function of the frequency. The log scales are used to cover larger ranges 
of variable values with reasonable accuracy. The reason for the inclusion of the 
phase angle plot was not obvious in Chapter 4 but becomes apparent when stability 
of feedback systems is evaluated, as the next few examples demonstrate. 

The frequency response calculations used in the remainder of this chapter 
involve algebraic manipulations to solve for the amplitude ratio, |GolO<w)I> and 
phase angle, L GolO’o>), from the transfer function by setting s = jco. Alterna¬ 
tively, these terms can be evaluated directly using basic computer functions; for 
example, the following pseudo-code can be used in MATLAB™ to evaluate the 
amplitude ratio and phase angle of a first-order-with-dead-time transfer function 
at a specified frequency: 
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Kp = 2.0; 
theta = 5.0; 
taup = 5.0; 
j = sqrt(-1); 
omega = 0.20; 

Gp = Kp*exp(-theta*omega*j)/(taup*omega*j 
AR = abs(Gp); 

Phase = angle(Gp); 

Phase = phase * 180/pi 


% define the complex variable 
% define the value of frequency in rad/time 
+ 1); % evaluate Gp(jw), a complex variable 
% absolute value gives the magnitude 
% angle gives phase angle in rad 
% to obtain degrees, multiply by 180/pi 


Expressions are provided in Table 10.2 for the amplitude ratio and phase angle of 
some simple, commonly used transfer functions. Computer calculations demon¬ 
strated above can be used for any transfer functions, including those too complex 
to reduce algebraically. 


Therefore, the reader is advised to concentrate on the principles introduced and 
applications demonstrated in this chapter, with the assurance that no practical limit 
exists to easily calculating the information needed for stability analysis. 
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Summary of amplitude ratios and phase angles for 
common transfer functions (<» is in ractytime, n is a positive 
integer) 

Transfer function Amplitude ratio* Phase angle (°)’ 


K 

K 

TS + 1 

K 

t s s 2 + 2r fs + 1 




As 

Aco 




K i 

‘ + rfTf 

(^) 

KAl + t rf s) 

K, v 

'1 + ( 7» 2 

tan -1 (Tjco) 

Ar t (i + 5 L + r. s ) 

K 'j 

,1 + ( 7 -“-^;) 2 


'For the gain > 0. 


wmm 




FIGURE 10.9 

Mixing process analyzed in Example 
10 . 6 . 


EXAMPLE 10.6. 

The single-tank mixing process with proportional control shown in Figure 10.9 is 
considered. This process is the same as the three-tank mixer in Example 7.2 with 
the last two tanks removed. The process transfer function, which includes an ideal 
sensor and fast final element dynamics, is given as 

G C (S) = K c G p (s)GAs)GAs) = (10.29) 

5s + 1 

with time in minutes. Note that the process is stable without control, since it has 
one pole at (-0.2,0) in the real-imaginary plane, so that it satisfies the criteria in 
Table 10.1 for the Bode method. The stability is to be determined by the Bode 
method. 

First, Gol(s) must be determined. This is the product of the valve, process, 
sensor, and controller transfer functions; G 0L (s) with proportional-only control can 
be written as 


Gol(s) = 


0 . 039 ^ 
5s + 1 


(10.30) 
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FIGURE 10.10 


Bode plot for the GqlO’&O in Example 10.6, with K c = 1.0. 


The magnitude and phase angle of G 0 l(s) can be calculated from GolU^Y 
AR = |GqlO)I 


(0.039/i: c ) 


( 1 ^ 

( \ - 5ju>\ 

VI+5 j(o) \ 

K 1 - 5 jco) 


( 0 . 039 /^ c ) 

“ V1 + 25cu 2 

* = ZG ol (» = Z (0 mK c ) + Z—i— 

05 + 1 


= tan 1 (-5<y) 


(10.31) 


These expressions are presented in Bode plots in Figure 10.10 for K c = 1. 
Since the phase angle for this first-order system does not decrease below -90° 
for any controller gain, the phase angle never reaches -180°, and the feedback 
signal cannot reinforce oscillations in the control loop. As a result, this idealized 
control system is stable for all negative feedback proportional-only controller gains 
(K c > 0 in this case). As the next example illustrates, nearly every realistic system 
can be made unstable with improper feedback control. 




320 


CHAPTER 10 
Stability Analysis and 
Controller Tuning 


EXAMPLE 10.7. 

The mixing process and proportional controller in Figure 10.9 and Example 10.6 
are considered here, with the modification that the valve and sensor dynamics are 
more realistically modelled according to the following first-order transfer functions 
with short time constants: 


G e (s) = K c 


G p (s) 


0.039 
5s+ 1 


G„(s) 


1 

0.033s + 1 


G s (s ) 


1 

0.25s + 1 


(10.32) 

Equations (10.28) can be used to determine the amplitude ratio and phase 
angle for this series system, and the results are 

Gol(s) = (0.039* c ) * 1 i ,nn« 

1 + 5s 1 + 0.25s 1 + 0.033s 

0.039 K c 1 1 

° L JC ° ~ VI+25w 2 VI + 0.0625a/ 2 VI + 0.001 To? o 

^GolO’w) = tan -1 (-5a>) + tan -1 (-0.25cu) + tan -1 (-0.033a>) + L (0.0$^,K c ) 

(10.33) 

The amplitude ratio and phase angle are plotted in Figure 10.11 for a controller 
gain of 1.0. Because of the added dynamic elements in G 0 l(s). the phase angle 



FIGURE 10.11 


Bode plot of Gotijco) for the system in Example 10.7 with K c = 1.0. 








exceeds -180°. At the critical frequency (11.6 rad/min), the following values for 
the amplitude ratio are determined: 


p 

II 

*4 

|G 0 l(M)| =0.0002 <1.0 

Stable 

K c = 500 

|Gol(jA> c )| =0.10 < 1.0 

Stable 

K c = 6000 

\Godj<o c )\ = 1.2 >1.0 

Unstable 


As can be seen by applying the Bode stability criterion, the system is stable 
for controller gain values of 1.0 and 500 because the amplitude ratios at the critical 
frequencies are less than 1.0, and the system is unstable for a controller gain of 
6000, which has an amplitude ratio greater than 1.0 at the critical frequency. 
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Two important lessons have been learned from the last examples. The first 
lesson is that in theory, a stable transfer function Gol(s) that is first- or second- 
order cannot be made unstable with proportional-only feedback control, because 
its phase angle is never less than —180°. The second lesson demonstrates that all 
real systems have additional dynamic elements in the control loop (e.g., valve, 
sensor, transmission) that contribute additional phase lag and result in a phase 
angle less than — 180°, albeit at a very high frequency. 


Thus, essentially all real process control systems can be made unstable simply by 
increasing the magnitude of the feedback controller gain. 


EXAMPLE 10.8. 

The chemical reactor process and control system in Example 10.4 are changed 
slightly. In this case, a transportation delay of 1 min exists between the mixing point 
and the first stirred-tank reactor, with no reaction in the transport delay. Therefore, 
the process transfer function is modified to include the dead time. A proportional- 
integral controller is proposed to control this process with the same tuning as 
Example 10.4; K c — 15 and 7) = 1 . Determine whether this system is stable. 

The Bode method can be applied to this example with the new aspect that 
dead time exists in the process. The first task is to determine G 0 l(s). As explained 
above, this transfer function contains all elements in the feedback loop; therefore, 
G 0L (s) is 


Solvent 



Reactant 



Go.W=15(, + i)^lj (10.34) 

The amplitude ratio and phase angle for each element can be combined to 
give the amplitude ratio and phase angle of G 0 dj<o). 

AR = 115 f 1 + j-) 11 - - Q . - 1Q - — \e~ ia> \ 

| V jo>)\\ (0.50jto + 1) 2 1 1 

= ,5 iA+5(h^ ( io) 
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FIGURE 10.12 

Bode plot of G 0 i(ja>) for Example 10.8. 


* = uf+ L (l + i) + L ( <0 50 ^° + + * 

, , 360 

= tan _1 (-l/tt)) + 2tan (—0.5<w) - l.Oco—— 

Lit 


■j(i) 


These terms are plotted in Figure 10.12. Since the amplitude ratio is greater than 1 
(1.32) at the critical frequency of 1.31 rad/min, the system is unstable. Note that the 
dead time introduced additional phase lag in the feedback system and caused the 
system to become unstable. This result agrees with our qualitative understanding 
that processes with dead time are more difficult to control via feedback. Stable 
control could be obtained by adjusting the tuning constant values. 


The preceding examples have demonstrated interesting results. To expand on 
these experiences, it would be valuable to understand the contributions of com¬ 
monly occurring process models and controller modes to the stability of a feedback 
control system. Also, it would be useful, when performing calculations, to have 
analytical and sample graphical frequency responses for these common elements. 
Both of these goals are satisfied by the analytical expressions and Bode plots pre¬ 
sented to complete this section. The plots for the key process components—gain, 
first-order, second-order, pure integrator, and dead time—are presented in Figure 
10.13a through e; these were developed from the transfer functions and expressions 
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COT 


(b) 


FIGURE 10.13 


Generalized Bode plots: (a) gain; (b) first-order system. 
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0)7} 

(h) 


FIGURE 10.13 Cont. 

Generalized Bode plots: (g) proportional-derivative controller; 

(ft) proportional-integral-derivative controller for which the derivatve time is 
one-tenth of the integral time. 
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for amplitude ratio and phase angle in Table 10.2. The plots for the PI, PD, and 
PID controllers are presented in Figure 10.13/ through h and were also developed 
from the analytical expressions in Table 10.2. Note that these plots are presented 
in dimensionless parameters, so that they can be used to determine the frequency 
responses quickly for a system conforming to one of the general models. The tables 
and generalized figures are valid for the frequency responses of transfer functions 
with positive gains. When the gain is negative, (1) the amplitude ratio should be 
determined using the absolute value of the gain, |AT|, and (2) the phase angle is 
smaller by 180° (or n radians), i.e., (ZG(yo>))^<o = UG(ja)))ie>o — 180. 

As an example of the preparation of the dimensionless plots, the expressions 
for the amplitude ratio and phase angle for a first-order system are given in Table 
10.2 and repeated here: 


AR = 


K n 


\/<y 2 r 2 +1 

-l 


(p = tan (—cur) 


AR 

T n 


l 


\fa? r 2 + 1 


(10.36) 


Noting that the two variables a> and r always appear as a product, they can 
be combined into one variable, cur, and the Bode plots expressed as a function of 
this single variable. Also, the amplitude ratio can be normalized by dividing by 
the process gain K p . Similar manipulations are possible for the transfer functions 
of the other building blocks. 


EXAMPLE 10.9. 

Determine the amplitude ratio and phase angle of the following transfer function 
at a frequency of 0.40 rad/min: 


G(s) = 


0.039 
(1 + 5j) 2 


(10.37) 


The first step is to calculate the parameters in the generalized Figure 10.13c. 
The results can be calculated as follows: 

r 2 = 25 x = 5.0 $ = ^ = 1.0 (10.38) 


From the generalized charts, AR /K p = 0.2; AR = 0.2(0.039) = 0.0078; and <p = 
-125. The same answers can be determined by using the equations in Table 10.2. 
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The Bode plot of any GolO'cu) for a system consisting of a series of common 
elements can be easily prepared by using the expressions for these individual ele¬ 
ments and equation (10.28). The usefulness of the general plots is not primarily in 
simplifying the calculations, because the calculations are not difficult by hand and 
computer programs are available to automate the calculations and plot the results. 
The real importance is in highlighting the contributions of various components 
to the stability of a feedback system. For example, note that an element in the 
feedback path that has a large phase angle contributes to lowering the critical fre¬ 
quency. Since most process models have amplitudes that decrease with increasing 
frequency, a lower critical frequency yields a higher amplitude ratio for GqlU^)- 
Since a lower amplitude ratio is desired to maintain the amplitude ratio below 1.0 
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for stability, elements with the larger phase angle tend to destabilize a feedback 
control system. Some of the key features of the most important transfer functions 
are summarized in Table 10.3. The readers are encouraged to compare the entries 
in the table with the Bode figures so that they understand the major contributions 
of each transfer function. 

Before we move on to controller tuning, a word of caution regarding terminol¬ 
ogy is provided. The common term for the expression in equation (10.24), GoLfa). 
is the open-loop transfer function; hence, the subscript OL. The term refers to Fig¬ 
ure 10.8, where the feedback loop was temporarily opened. Unfortunately, the term 
open-loop is also used for the response of a process to an input change without con¬ 
trol. In this second case, the transfer function being considered is either the process 
transfer function G p (s ) or the disturbance transfer function Gj(s), depending on 
which input-output relationship is being considered. To avoid misinterpretation, 
it is best to relate the subscript OL to Figure 10.8 and to recognize that GqlCO 
contains all elements in the feedback loop, including the controller. The conven¬ 
tional terminology, although not as clear as desired, is used in this book to prevent 
confusion when consulting other references. 


TABLE 10.3 

Summary of key features of process transfer function frequency responses 


Transfer function 

Amplitude ratio, AR 

Phase angle, 0 

Key feature 

Gain, K 

Constant 

0 


First-order, 

Monotonically 

0 to -90° 

At corner frequency 

1/(M + 1) 

decreases with 


(a> = 1/r), AR = 0.707, 


increasing frequency, 
limiting slope = -1 


and 0 = -45° 

Second-order, 

(1) Shape depends on 

Oto -180° 

(1) AR is not 

l/(rV + 2f« + l) 

the damping ratio, can 


monotonic for small 


be nonmonotonic 


damping coefficients 


(2) Limiting slope = -2 


(2) Key frequency is 
a) = 1/r 

nth order from n 

Monotonically 

0 to (—90)n° 


first order in series, 

decreases with 



l/(TS + l) n 

increasing frequency, 
limiting slope = -n 



Dead time, 

1.0 

0 to —oo 

At to = l/6»,0 = -57.3 

e-* 



and decreases rapidly 
as to increases 

Integrator, 

Straight line with a 

-90° 

At to = 1/A, AR = l 

1 /As 

slope of -1 from -oo 
to +oo through (a) = 1, 
AR = 1) 




Notes: 

1. All slopes refer to the Bode diagram (Alog(AR)/Alog(a>)). 

2. The phase angles for all transfer functions in this table decrease monotonically as frequency increases. 

3. Phase angle values for the case with positive gain. 



In summary, Bode stability analysis provides a method for determining the 
stability of most feedback control systems that include dead time. The calcula¬ 
tions are relatively simple by hand when G 0 l(s) involves a series of individual 
transfer functions, and a computer can be programmed to perform the calculations 
automatically. In addition to providing a quantitative test, the Bode analysis yields 
insight into the effects on stability of various elements in the feedback loop. 

10.7 □ CONTROLLER TUNING BASED ON STABILITY: 
ZIEGLER-NICHOLS CLOSED-LOOP 

The Bode stability analysis provides a way to determine whether a process and 
feedback controller, with all elements completely specified, is stable. It is possible 
to alter the procedure slightly to determine, for a given process, the value of the 
gain for a proportional-only controller that results in a desired amplitude ratio for 
GolO") at its critical frequency. In particular, it is straightforward to determine 
the controller gain that would result in the system being on the margin just between 
stable and unstable behavior. Note that the proportional-only controller affects the 
amplitude ratio but not the phase angle, thus making the calculation easier. 

The importance of this approach is that the results of the calculation (the con¬ 
troller ultimate gain and critical frequency) can be used with tuning rules presented 
in this section to determine initial tuning for P, PI, and PID controllers. This tuning 
method is an alternative to the method presented in the previous chapter. While 
the tuning rules do not generally give as good performance as the Ciancone corre¬ 
lations for simple first-order-with-dead-time processes, the method in this section 
has two advantages: 

1. It can be applied to processes that are not well modelled by first-order-with- 
dead-time models. 

2. It provides considerable insight into the effects of all loop elements (process, 
instrumentation, and control algorithm) on stability and proper tuning constant 
values. 

As with most tuning methods, the starting point is a process model that can be 
determined by fundamental modelling or by empirical model identification. The 
method then follows four steps. 

1. Plot the amplitude ratio and the phase angle in the form of a Bode plot for 
Gql(s). At this step, the controller is a proportional-only algorithm with the 
gain K c set to 1.0. 

2. Determine the critical frequency co c and the amplitude ratio at the critical 
frequency, |G 0 lO'^c)I- 

3. Calculate the value of the controller gain for a proportional-only controller 
that would result in the feedback system being at the stability margin. Since the 
stability margin is characterized by an amplitude ratio of 1.0 for Go L (jcL> c ), 
and K c does not influence the critical frequency, the controller gain at the 
stability limit can be determined by first calculating the critical frequency and 
then calculating the controller gain. 

ZGql(M) = Z Gp(j(D c )G v (j(Oc)G s (j(°c ) = -180° 

|GoL(y<y c )| = K u | Gp(Jo)c)Gv(j(O q)G slj(D c )| = 1.0 
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(10.39) 
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TABLE 10.4 


Ziegler-Nichols closed-loop tuning 
correlations 


Controller 

K c 

T, 

T d 

P-only 

K u /2 

— 

— 

PI 

K u / 2-2 

Pu/ 1.2 

— 


Ku/hl 

PJ 2-0 

PJ 8 


Ultimate gain: K u 

Ultimate period: P„ 


_ 1 _ 

| G p (jco c ) G v (jco c ) G s (jco c ) | 

2 7T 
CO c 


(10.40) 


K u , termed the ultimate gain, is the controller gain that brings the system to 
the margin of stability at the critical frequency. P u , termed the ultimate period, 
is the period of oscillation of the system at the margin of stability. Note that 
K u has the units of the inverse of the process gain (K p K v K s )~ l and that P„ 
has the units of time. 

4. Calculate the controller tuning constant values according to the Ziegler- 
Nichols closed-loop tuning correlations given in Table 10.4 (Ziegler and 
Nichols, 1942). The description “closed-loop” indicates that the analysis is 
based on the stability of the closed-loop feedback system, GolCU- These 
correlations have been developed to provide acceptable control performance 
(they selected a 1:4 decay ratio) with reasonably aggressive feedback action; 
they believed that this also maintains the system a safe margin from instability. 



EXAMPLE 10.10. 

Calculate controller tuning constants for the three-tank mixing process in Example 
7.2 by using the Ziegler-Nichols closed-loop method. 

The transfer function for this process has already been developed, G p (s) = 
0.039/(5$+1) 3 and the Bode plot of the transfer function with (K c = 1) is presented 
in Figure 10.14 based on 


Gql(s) = 



0.039 
(5s +l) 3 


) 


ZGql (ju>) = 3 tan 1 (—5(o) 


IG ol (jco)I = 0.039 


(too)' 


If the plot were not available, the calculations would have to be performed by 
hand. They involve a trial-and-error procedure to determine the critical frequency 
and are often arranged in a table similar to the results in the following figure. 
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Bode plote of GolO’<*>) for Example 10.10 with K c = 1. 


Controller Timing 
Based on Stability: 
Ziegler-Nichols 
Closed-Loop 


Frequency 
u> (rad/min) 

Phase angle 

0O 

Amplitude ratio 
AR 

0.10 

-79.7 

0.0279 

0.20 

-135 

0.0138 

0.35 

-180.8 (critical frequency) 

0.0048 

0.40 




From the results in the table, the ultimate gain and period can be determined 
to be P u = 2n/a) c = 17.9 min and K u = l/AR f = 208. The tuning constants for P, 
PI, and PID controllers according to the Ziegler-Nichols correlations are 


Controller K e (% open/%A) T, (min) T d (min) 


P-only 

PI 

PID 


104 

94.5 

122.4 


14.9 

8.95 


2.2 
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FIGURE 10.15 


Dynamic response of three-tank mixing control system in Example 10.10 
with Ziegler-Nichols tuning. 


A sample of the transient response for a step change of +0.8%A in the feed 
concentration under PI control is given in Figure 10.15. As can be seen, the control 
performance is quite oscillatory, resulting in large variation in the manipulated vari¬ 
able and in a long settling time. For most plant situations, this is too oscillatory, and 
control performance for this system similar to Figure 9.6 would be preferred. The 
engineer could fine-tune the controller constants using the concepts presented in 
Section 9.6. 


Solvent- 


-A0 


ft 




74 - 

cb 




Reactant 


EXAMPLE 10.11. 

Calculate tuning for a PI controller applied to the series chemical reactors in 
Example 10.8. Recall that this is a second-order-with-dead-time process with 
G p (s ) = 0.10e -1 /(0.50s + l) 2 . 

The Bode plot for G 0L (ja>) with K c = 1 is given in Figure 10.16. Note that 
the contribution of the individual elements in Gol(s) can be determined using the 
following relationships for transfer functions in series, equation (10.28): 


^GolO'w) = L 


1 

1 + 0.5 j(o 


+ i 


1 

1 + 0.5 jco 


+ £e~' Jw + U0.10) + £K c \ =i 
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Bode plot of Example 10.11 with K c = 1; for (a) the dead time, ( b ) one 
first-order system, and (c) the entire transfer function GolU<*>)/K p • 


II 

s' 

J 

o 

o 

1 

1 

\ e 

1 + 0.5 jco 

1 + 0.5 jco 



1 1 

:/ 1 



1 1 + 0.25 co 2 V 1 + 0.25 co 2 ' 


e~ Jw \ I0.10| \K C | =1 1 


The results in Figure 10.16 are presented so that the effects of the individual 
process elements are clearly displayed. The dead time and one first-order system 
are designated as a and b, respectively. The overall amplitude ratio and phase 
angle for G OL (jco) can be determined from the foregoing equations. When the 
frequency responses of the individual elements are presented in the Bode plot, 
the overall amplitude ratio is the sum of the distances on the plot of the individual 
deviations from 1.0, since the amplitude ratio is plotted on a log scale. Also, the 
total phase angle is the sum of the distances on the plot of the individual deviations 
from zero degrees, since the phase angle is plotted on a linear scale. These rules 
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are not particularly important as far as simplifying the calculations, which are eas¬ 
ily programmed; however, they help the engineer visualize the effects on stability 
of individual elements in the feedback loop. For example, any element that con¬ 
tributes a large phase lag itself will cause a large phase lag for G OL (jco). From this 
figure, the critical frequency is 1.73 rad/min and the magnitude at this frequency is 
0.057; thus, the controller tuning would be, according to the Ziegler-Nichols tuning 
correlations in Table 10.4, K c = 8.0% open/(mole/m 3 ) and T, — 3.0 min. 


Before this section is concluded, two common questions are addressed. First, 
the novice often has difficulty in selecting an initial frequency for the trial-and- 
error calculation for the critical frequency. Since an exact guess is not required, a 
good initial estimate can usually be determined from the relationships in Tables 
10.2 and 10.3, along with the plots in Figure 10.13. Basically, the initial frequency 
should be taken in the region where the Bode diagrams of the individual elements 
change greatly with frequency. Rough initial estimates for the frequency are given 
by the following expressions: 

cox = 1 (first-order system) 

(ox = 1 (second-order system) 

(o0 = 1 (dead time) 

When these calculations give very different results, use the lowest of the esti¬ 
mated frequencies to begin the trial-and-error calculations, which usually converge 
quickly. 

The second common question regards the required accuracy of the converged 
answer. The engineer must always consider the accuracy of the information used 
in a calculation when interpreting the results. In Chapter 6, the results of empirical 
model fitting were found to have significant errors, usually 10 to 20 percent in all 
parameters. Therefore, it is not necessary to determine the critical frequency so 
that the phase angle deviation from — 180° is less than 0.001 0 ! A few degrees error 
is usually acceptable. In addition, our application of the results in determining 
tuning constants must consider the likely error in the model, as discussed in the 
next section. 

10.8 □ CONTROLLER TUNING AND STABILITY—SOME 
IMPORTANT INTERPRETATIONS 

Analysis using the Bode plots provides a quantitative method for evaluating how 
elements in the control loop influence stability and tuning. The principles and ex¬ 
amples presented so far have demonstrated important results, which are reinforced 
in the following six interpretations, discussed with further examples. The reader 
is advised that these interpretations are very important, not only in tuning single¬ 
loop controllers but also in designing more complex control strategies and process 
modifications to achieve desired control performance. 

Interpretation I: Effect of Process Dynamics on 'Dining 

Clearly, the types of process and instrument equipment in the control loop affect 
the system stability and feedback tuning constants. It is worthwhile determining 


how process dynamics affect feedback control, specifically the gain and integral 
time of a PI controller. Since the ultimate gain of the proportional-only controller 
is the inverse of the amplitude ratio at the critical frequency, a higher controller 
gain for a stable system is achieved by decreasing the amplitude ratio at the critical 
frequency. Also, the amplitude ratio generally decreases for process elements as 
the frequency increases. Therefore, smaller time constants and dead times lead to 
a larger allowable controller gain. By the same logic, smaller values of the time 
constants and dead times lead to a smaller integral time, which, since integral 
time appears in the denominator, has the effect of giving stronger control action. 
The general conclusion is that more and longer time constants and dead times 
lead to detuning of the PID controller and that fewer and shorter time constants 
and dead times lead to larger controller gain, smaller integral time, and stronger 
feedback action. We expect that stronger feedback action will give better control 
performance, as is discussed in depth in Chapter 13. 

EXAMPLE 10.12. 

Consider a set of processes with one to seven first-order systems in series, each 
with a gain of 1.0 and a time constant of 5.0. Determine the PI tuning for each of 
these systems. 

The expressions for the amplitude ratio and phase angle for a series of n 
first-order systems can be developed using equations (5.40) and (10.36) and are 
given as 

AR = ( -p== =N j <p = n tan -1 (—cot) with K„ = 1.0 and r = 5.0 
VV1 +<o 2 t 2 J p 

The Ziegler-Nichols closed-loop tuning for these systems is as follows: 


335 


Controller lining and 
Stability—Some 
Important 
Interpretations 


n 

(O c 

AR| Wc 

K c 

T, 

i 

00 

— 

oo 

— 

3 

0.35 

0.122 

3.72 

15.0 

5 

0.145 

0.348 

1.31 

36.1 

7 

IS 

0.096 

0.484 

0.94 

54.5 

iwsiia 


Clearly, the controller must be detuned as the feedback dynamics become slower. 


mm 


aglllilgHI 


The previous example clearly demonstrates that time constants affect feed¬ 
back tuning and stability. Next, we would like to learn the relative importance 
of dead times and time constants. Since many processes can be represented by a 
first-order-with-dead-time model, the key relationships between tuning and frac¬ 
tion dead time 6/(6 + r) is investigated for Ziegler-Nichols PID tuning. In fact, 
correlations similar to those developed in Chapter 9 can be calculated using the 
Bode stability and Ziegler-Nichols methods. The PID controller gain correlations 
for Ciancone and Ziegler-Nichols are compared in Figure 10.17. The correlations 
have the same general shape, which points to the importance of the stability limit 
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—■— Ciancone Ziegler-Nichols 

FIGURE 10.17 

The effect of fraction dead time on PID controller gain with 6 + r 
constant. 


in determining the most aggressive control action. Recall that stability was not 
explicitly considered in the Ciancone method, although tuning that gave unstable 
or oscillatory systems would have a large IAE and thus would not have been se¬ 
lected as optimum. Note that the Ciancone gain values are lower, partly because 
of the objectives of robust performance with model errors and partly because of 
the limitation on manipulated-variable variation with a noisy measured controlled 
variable. We would expect the Ciancone correlations to yield controllers that are 
more robust than those developed with Ziegler-Nichols tuning and thus perform 
better when realistic model errors occur. 

The Bode analysis demonstrates the fundamental relationship between frac¬ 
tion dead time and tuning; the controller gain must be decreased to maintain sta¬ 
bility as the fraction dead time increases (at constant 0 + r). Finally, it is important 
to reiterate that only the terms in the characteristic equation influence stability. 
Therefore, the disturbance transfer function G</(s) and the manner in which the 
set point is changed do not influence the stability of the feedback control system. 



I F a 


Increasing time constants and dead times requires detuning of the PID controller. 
The dead time has a greater effect on the phase lag and tuning. Therefore, increasing 
the fraction dead time, 9/(6 + t), at constant 6 + x requires detuning of the PID 
controller. 


EXAMPLE 10.13. 

The two following different first-order-with-dead-time processes are to be con¬ 
trolled by PI controllers. Calculate the tuning constants for each and compare the 
results. 


f b >:> f a 







Plant A 

Plant B 
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K p 

1.0 

1.0 

Controller Twining and 

T 

8.0 

2.0 

Stability—Some 

9 

2.0 

8.0 

Important 

Interpretations 




For each plant the Bode stability and Ziegler-Nichols tuning calculations are sum¬ 
marized as 



Plant A 

Plant B 

CO c 

0.86 

0.32 

AR C 

0.144 

0.84 (P-only with K c = 1) 

K u 

6.94 

1.19 

Pu 

7.3 

19.60 

Kc 

4.1 

0.70 

T, 

3.65 

9.8 

T d 

0.91 

2.45 


Note that the two plants have the same time to reach 63% of their open-loop 
response after a step change: 9 + x. Even though they have the same “speed" 
of response, Plant B, with the higher fraction dead time, 9/(6 + r), has a much 
smaller controller gain and larger integral time. The difference in controller tuning 
constants, resulting from the different stability bound, certainly will result in poorer 
control performance for Plant B. (Naturally, the longer dead time for plant B also 
degrades the control performance.) 


Interpretation II: Effect of Controller Modes on Stability 

Each mode of the PID controller affects the stability of the feedback system. As 
shown in Figure 10.13 a, a gain in GolW does not affect the phase angle, although 
it affects the amplitude ratio. Therefore, increasing the magnitude of the controller 
gain tends to destabilize the system; that is, move it toward an amplitude ratio 
greater than 1. The proportional-integral controller shown in Figure 10.13/ affects 
both the amplitude ratio and the phase angle; it increases the amplitude ratio beyond 
the proportional-only controller and increases the phase lag. Thus, increasing the 
gain and decreasing the integral time tend to destabilize the feedback system. The 
proportional-derivative controller shown in Figure 10.1 3g increases the amplitude 
ratio but contributes negative phase lag, referred to as phase lead. Therefore, the 
derivative mode tends to stabilize the feedback system. These qualitative results 
are reflected in the Ziegler-Nichols tuning rules, which show the controller gain 
decreasing from P-only to PI control and increasing from PI to PID control. 
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EXAMPLE 10.14. 

The stability of the three-tank mixing process is to be determined for two cases: (a) 
under proportional-only feedback control ( K c = 122) and ( b) under proportional- 
integral feedback control ( K c = 122 and 7) = 8). Note that the controller gain is the 
Ziegler-Nichols value for the PID controller from Example 10.10, but the integral 
time is slightly different and the derivative time is 0. 

The Bode plots are presented in Figure 10.18a and b. From Figure 10.18a, it is 
determined that case (a) is stable, since the amplitude ratio (0.60) is less than 1.0 
at the critical frequency (0.35 rad/min). From Figure 10.18b, it is determined that 
case (b) is unstable, because it has an amplitude ratio greater than 1.0 (1.3) at its 
critical frequency (0.25 rad/min). This result clearly demonstrates the effect of the 
integral mode, which tends to destabilize the control system, since it contributes 
phase lag. Remember that the integral mode is nearly always retained, in spite 
of its tendency to destabilize the control system, because it ensures zero steady- 
state offset. 


Interpretation III: Effect of Modelling Errors on Stability 

The preceding examples in this chapter have assumed that the models of the pro¬ 
cess were known exactly. Since the true dynamic response is never known exactly, 
it is important to determine how model errors affect stability. The best estimate of 
the dynamics will be called the nominal model. The general trends are relatively 
easy to ascertain based on the Bode stability analysis; plants with amplitude ratios 
and phase lags greater than their nominal models will be closer to the stability mar¬ 
gin than the nominal model. As a example, consider a first-order-with-dead-time 
process. Assuming that a nominal model is used to calculate the tuning constants, 
the system will tend to be closer to the stability margin than predicted if (1) the 
actual process dead time is greater than the nominal model, (2) the process gain 
is greater than the nominal model, or (3) the process time constant is greater than 
the nominal model. 

A consideration of modelling errors should be an integral part of any con¬ 
troller tuning method. The time-domain Ciancone method in Chapter 9 specified 
modelling errors and optimized the dynamic responses for several cases simul¬ 
taneously, and the Ziegler-Nichols correlations included a factor for model error 
by reducing the amplitude ratio at the critical frequency to about 0.5. As a result, 
a combination of model errors would have to cause the actual amplitude ratio at 
the critical frequency to be about twice the nominal model value for the system 
to be unstable. An alternative to the Ziegler-Nichols guideline for tuning based on 
the stability limit explicitly considers a measure of potential error. This method 
adjusts the controller tuning constant values so that the system is on the stable side 
of the limit by a specified amount. Either of the following specifications is used. 


GAIN MARGIN. The amplitude ratio of GolO'w) at the critical frequency is 
equal to 1/GM, where GM is called the gain margin and should be greater than 1. 
This ensures that the system is stable for any process modelling error that increases 
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the actual amplitude ratio of the process by less than a factor of GM. A typical 
value for GM is 2.0, but a larger value would be appropriate if large modelling 
errors that primarily influenced the amplitude ratio were anticipated. 

PHASE MARGIN. The phase angle of GolO'^u) where the amplitude ratio is 
1.0 is equal to (-180° + PM), with PM a positive number referred to as the phase 
margin. A positive phase margin ensures that the system is stable for model errors 
that decrease the phase angle. A typical value for the phase margin is 30°, but a 
larger value would be appropriate if larger modelling errors were anticipated. 

Even if the models were perfect, the values of the gain margin and phase 
margin should not be reduced much below 2.0 and 30°, respectively. If they were 
reduced further, the performance of the feedback control system would be poor 
(i.e., highly oscillatory), because the roots of the characteristic equation would be 
too near the imaginary axis. Thus, these margins can be used as a way to include 
additional conservatism in the Ziegler-Nichols tuning methods if large model errors 
are expected. 

EXAMPLE 10.15. 

A nominal model for a process is given along with parameters defining processes 
I and II, which represent the range of the true process dynamics experienced 
as operating conditions vary. Naturally, we never know the true process, but we 
can usually estimate the potential deviations between the nominal model and true 
process from an analysis of repeated model identification experiments and from 
fundamental models, which indicate how the process dynamics change with, for 
example, the flow rate. 

(a) Determine values for the PI tuning constants based on the Ziegler-Nichols 
method for the nominal model and determine the resulting gain and phase mar¬ 
gins. 

(b) Determine the stability of the true process at the extremes of its parameter 
ranges using the tuning based on the nominal model. 



Nominal model 

True process 

1 II 

K p 

1.0 

1.0 

1.0 

X 

9.0 

9.5 

8.0 

e 

1.0 

0.5 

2.0 


Tuning can be determined for the nominal model using the Bode and Ziegler- 
Nichols closed-loop methods, giving the following results: 

GolCs) = K c j ^ with K c = 1.0 

(o c = 1.65 |G 0L (M)I = 0.067 K„ = 14.9 


K c = 6.8 7} = 3.2 Gain margin = 2.0 Phase margin = 30° 

The tuning constants appropriate for the nominal model using the Ziegler-Nichols 
method, that satisfy the general guidelines for gain and phase margins, are now 
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applied to the extremes of the dynamics of the true process. 


Goi(s) s= 6.8 (l + j!jj) 


1 .0e~ 6s 
rs + 1 


Controller lining and 
Stability—Some 
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Interpretations 


True process with PI control 
I II 


co c 3.1 0.66 

AR f 0.23 <1 1.39 >1 


Note that Process I is stable with the nominal tuning, whereas Process II is unstable. 
The general trend should be expected, since Process II has a longer dead time, 
which contributes substantial phase lag and is more difficult to control. Process I 
has a shorter dead time, which contributes less phase lag and is easier to control. 
The key point is that the control system would become unstable for the moderate 
amount of variation of Process II from the nominal model. 


Thus: 


The control engineer should not rely exclusively on general tuning guidelines but 
should include informadon on the expected variation in process dynamics when 
tuning controllers. 


The goal is normally for the worst-case model error to be stable and to give an 
acceptable (usually stable and not too oscillatory) closed-loop dynamic response. 
Further calculations for Example 10.15 indicate that gain and phase margins for 
the nominal model of 4 and 60°, respectively, were required to give satisfactory 
performance for Process II. (This tuning gave gain and phase margins of 2 and 
40°, respectively, for Process II.) 

The need for a larger stability margin can be understood when the Bode plot is 
prepared using the entire range of models possible, not just the nominal model. The 
range of possible models depends on the reasons for model errors; here the simplest 
approach is taken, with the process models I and II defining the extremes of the 
amplitude and phase angles possible. The Bode plot of GolCs) = G c (s)G p (s), 
with the PI controller tuning for the nominal plant from Example 10.15, gives the 
range of values in Figure 10.19. Any amplitude ratio and phase angle within the 
two lines are possible for the assumed uncertainty. This plot clearly shows the 
effects of model errors, the possibility for instability in this case, and the need for 
a (larger) safety margin to account for the error. (Other ways to characterize the 
model error link the variation in process operation to the change in dynamics; for 
example, see Chapter 16.) 
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Frequency, m (rad/time) 


FIGURE 10.19 

Uncertainty in Example 10.15 defined by models I and II with tuning for the 
nominal model. 


Interpretation IV: Experimental Tuning Approach 

The Bode tuning method enables the engineer to calculate the proportional con¬ 
troller gain that brings the system to the stability limit. The same principle could be 
used to determine the ultimate gain experimentally through a simple trial-and-error 
procedure called continuous cycling. The real physical system would be controlled 
by a proportional-only controller, the set point perturbed slightly, and the transient 
response of the controlled variable observed. If the system is stable, either over¬ 
damped or oscillatory, the gain is increased; if unstable, the gain is decreased. The 
iterative procedure is continued, changing K c until after a set point perturbation, the 
system oscillates with a constant amplitude. This behavior occurs when the system 
has exponential terms with (very nearly) zero values for their real parts, indicating 
that the system is at the stability margin. The gain at this condition is the ultimate 
gain, and the frequency of the oscillation is the critical frequency. These values, 
which in the continuous cycling procedure have been determined empirically, can 
be used with the Ziegler-Nichols closed-loop tuning correlations in Table 10.4 for 
calculating the PID constants. From this explanation, it should be clear why the 
correlations used in this section are called the “closed-loop” continuous cycling 
correlations. Also, we should recognize that this method combines an experimental 
identification method with tuning recommendations. This experimental method is 
not recommended, because of the significant, prolonged disturbances introduced 
to the process. It is presented here to give a physical, time-domain meaning to the 
Bode stability calculations. 
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FIGURE 10.20 

Dynamic response of three-tank mixing process with 
proportional-only controller and K c = 206, the ultimate gain. 
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EXAMPLE 10.16. 

Perform the empirical continuous cycling tuning method on the three-tank mixing 
process. 

The resulting dynamic response at the stability limit is given in Figure 10.20. 
The controller gain was found by trial and error to be 206 and the period to be 
about 18 minutes. These are essentially the same answers as found in Example 
10.10, where the three-tank mixing process was analyzed using the Bode method. 



Interpretation V: Relationship between Stability and 
Performance 


The analysis of roots of the characteristic equation 1 + Gol(s) = 0 and, equiv¬ 
alently, Bode plots of Gol(s) provide methods for determining the stability of 
linear systems. Naturally, any feedback control system must be stable if it is to 
provide good control performance. However, stability is not sufficient to guarantee 
good performance. To see why, consider the closed-loop transfer function for a 
disturbance response: 


CV(f) = GAs) 

D(s ) 1 + G c (s)G p (s ) 


or CV(s) = 


G d (s) 


1 + G c (s)G„(s) 


D(s) 


(10.41) 

The stability analysis considers the denominator in the characteristic equation, 
1 + G c (s)G p (s). Naturally, control performance also depends on the disturbance 
size and dynamics that appear in the numerator of the transfer function. For ex¬ 
ample, the three-tank mixing process would certainly remain closer to the set point 
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for an inlet concentration disturbance of 0.01% in stream B compared to a 1% 
disturbance. Also, the system is stable when the feedback controller gain has a 
value of 0.1, which would give very poor control performance compared with the 
tuning determined in Example 10.10 for this process ( K c — 94.5). Clearly, the 
methods in this chapter, while providing essential stability information, do not 
provide all the information required for process control design. Control system 
performance is covered in more detail in Chapter 13. 


Stability is required for good control system performance. However, a control system 
can be stable and perform poorly. 


EXAMPLE 10.17. 

Determine how the control performance changes for the following process with 
different disturbance dynamics. 


G p (s) 


0.039 

(1+55) 3 


G d (s) 


1 

(1 + TdS) n 


(10.42) 


with rj = 5 and n equal to (a) 3 and (b) 1. 

The system was simulated with a PI controller using the tuning from Example 
10.10. The two different disturbance transfer functions given here were consid¬ 
ered. The first case (a) is the standard three-tank mixing system, and the dynamic 
response is given in Figure 10.15. The results for the faster disturbance, case (b), 
are given in Figure 10.21. As expected, the faster the disturbance enters the pro¬ 
cess, the poorer the feedback control system performs. Remember, the two cases 
considered in this example have the same relative stability because the feedback 
dynamics G p (s) and the controller G c are identical; only the disturbances are dif¬ 
ferent. (Also, note that the valve goes below 0% open in the simulation of the 



FIGURE 10.21 

Dynamic response for the system in Example 10.17, case 
(b) (faster disturbance). 





linearized model, which is not physically possible; a nonlinear simulation should 
be performed.) 
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Interpretation VI: Modelling Requirement for Stability 
Analysis 

We use approximate models for control system analysis and design, and we should 
select the model that provides an adequate representation of the dynamic behavior 
required by the analysis method. The Bode stability analysis has pointed out the 
extreme importance of model accuracy near the critical frequency. Thus, we do not 
require a model that represents the process accurately at high frequencies—that 
is, those frequencies much higher than the critical frequency. 


Additional Timing 
Methods in Common 
Use, With a 
Recommendation 


EXAMPLE 10.18. 

Compare the frequency responses for the three-tank mixing process derived from 
(a) fundamentals and (b) empirical model fitting. 

The linearized fundamental model derived in Example 7.2 and repeated in 
equation (10.42) is third-order, and the empirical model is a first-order-with-dead- 
time (approximate) model in Example 6.4. Their frequency responses, which equal 
Gol(s) with G c (s) = K c = 1, are given in Figure 10.22. Note that the two frequency 
responses are quite close at low frequencies, since they have the same steady- 
state gains. At very high frequencies, they differ greatly, but we are not interested 
in that frequency range. Near the critical frequency (o> c % 0.35), the models do not 
differ greatly, which indicates that the two models give similar, but not exactly the 
same, tuning constants. Since essentially no model is perfect, we conclude that 
the error introduced by using a first-order-with-dead-time model approximation 
is often acceptably small for the purposes of calculating initial tuning constant 
values. Recall that further tuning improvements are made through fine tuning. 



In summary, tuning methods were presented in this section that are based on 
margins from the stability limit. The method can be applied to any stable process 
with a monotonic relationship between the phase angle and frequency. The methods 
in this section are especially helpful in determining the effects of various process 
and controller elements on the tuning constants. 


10.9 □ ADDITIONAL TUNING METHODS IN COMMON USE, 
WITH A RECOMMENDATION 

To this point, two controller tuning methods have been presented. The Ciancone 
correlations were based on a comprehensive definition of control performance in 
the time domain, whereas the Ziegler-Nichols closed-loop method was based on 
stability margin. Many other tuning methods have been developed and reported 
in the literature and textbooks. A few of the better known are summarized in this 
section, along with a recommendation on the methods to use. 

One well-known method, known as the Ziegler-Nichols open-loop method 
(Ziegler and Nichols, 1942), provides correlations that can be used with simplified 
process models developed from such sources as an open-loop process reaction 






Frequency, (o (rad/min) 



FIGURE 10.22 

Comparison of Bode plots for exact and approximate process models. 


curve. The objective of these correlations is a 1:4 decay ratio for the controlled 
variable. The tuning constants are calculated from the experimental model param¬ 
eters according to the expressions in Table 10.5. Notice that the dead time is in 
the denominator of the calculation for the controller gain. This indicates that the 
controller gain should decrease as the dead time increases, a result consistent with 
other tuning methods already considered. However, the open-loop Ziegler-Nichols 
correlation predicts a very large controller gain for processes with small dead times 
and an infinite gain for processes with no dead time. These results will lead to ex¬ 
cessive variation in the manipulated variable and to a controller with too small 
a stability margin. Therefore, these correlations should not be used for processes 
with small fraction dead times. 

Many other tuning methods have been developed, generally based on either 
stability margins or time-domain performance. A summary of the methods is pre¬ 
sented in Table 10.6, which gives the main objectives of each method, along with 
a reference, either in this book or in the literature. Note that the IMC method is 
covered in Chapter 19. 





TABLE 10.5 
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Ziegler-Nichols open-loop tuning 
based on process reaction curve 



K c 

T, 

T d 

P-only 

(l/K p )/(r/0) 

— 

— 

PI 

m/K p ){x/6) 

3.30 

— 


{\2/K p )(t/6) 


0.50 


Additional Tuning 
Methods in Common 
Use, With a 
Recommendation 


TABLE 10.6 

Summary off PID tuning methods 


Tuning 

method 

Stability 

objective 

Objective 
ffor CV(0 

Objective 

ffor MV(t) 

Model 

error 

Noise 

on CV(r) 

Input 

SP = set point 

D = disturbance 

Ciancone 
(Chapter 9) 

None explicit 

Min IAE 

Overshoot 
and variation 
with noise 

±25% 

Yes 

SP and D 
individually 

Fertik (1974) 

None explicit 

Min ITAE 
with limit 
on overshoot 

None 

None 

explicit 

No 

SP and D 
individually 

Gain/phase 
margin (Section 10.8) 

Gain margin 
or phase margin 

None 

None 

Depends on 
margins 

No 

n/a 

IMC tuning 
(Section 19.7) 

For specified 
model error 

ISE (robust 
performance) 

None 

Tune X, see 
Morari and 
Zafiriou (1989) 

No 

SP and D 
(step and ramp) 
individually 

Lopez et al. 

(1969) 

None explicit 

IAE, ISE, or 
ITAE 

None 

None 

No 

SP and D 
individually 

Ziegler-Nichols 
closed-loop 
(Section 10.7) 

Implicit margin 
for stability 
(GM % 2) 

4: 1 decay 
ratio 

None 

None 

explicit 

No 

n/a 

Ziegler-Nichols 
open-loop 
(Section 10.9) 

Implicit margin 
for stability 
(GM « 2) 

4: 1 decay 
ratio 

None 

None 

explicit 

No 

n/a 


With such a large selection available, some recommendations are needed to as¬ 
sist in the proper choice of tuning method. Before presenting recommendations, a 
few key factors should be reiterated. First, most tuning methods rely on a simplified 
dynamic model of the open-loop process. As a result, good control performance 
from the tuning depends on reasonably accurate model identification. Tuning cal¬ 
culations cannot correct for modelling errors; they can only reduce the detrimen¬ 
tal effects of such errors. Second, the tuning constants should be determined so 
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that the control system achieves desired performance objectives relevant to the 
process. Because each method has different objectives, each provides somewhat 
different dynamic performance, which should be matched to the process require¬ 
ments. Third, all methods provide initial values, which should be fine-tuned based 
on plant experience; the tuning procedure shown in Figure 10.23 should be used. 
The tuning methods being discussed appear as the “initial tuning” that relies on the 
identification and is modified by fine tuning, which corrects for modelling errors 



FIGURE 10.23 

Major steps in the tuning 
procedure. 


1. Ciancone tuning correlations from Chapter 9 

2. Bode/(closed-loop) Ziegler-Nichols when process cannot be satisfactorily fit¬ 
ted by a first-order-with-dead-time model 

3. Nyquist/gain margin when the process does not satisfy the Bode criteria 

4. Any of the other correlations as appropriate for the application scenario 

5. Detailed analysis of the robustness of the system, through either the opti¬ 
mization method in Chapter 9 or the robust performance analysis described 
in Morari and Zafiriou (1989) 


Approach 5 would always be the best, but it requires more effort than is usually 
justified for initial tuning. However, it may be required for systems involving 
complex dynamics and large model errors. 


10.10 a CONCLUSIONS 

Several important topics have been covered in this chapter that are essential for a 
complete understanding of dynamic systems. We have learned 

1. A useful definition of stability related to poles of the transfer function, i.e., 
the exponents in the solution of a set of linear differential equations 

2. The effects of process and control elements in the feedback path that affect 
stability, such as dead times and time constants 

3. Tuning methods based on a margin from the stability limit 

4. That model errors must always be considered in tuning and that this results in 
detuned (i.e., less aggressive) feedback control action 

All of these results are consistent with the experience gathered in Chapter 9, 
which was restricted to first-order-with-dead-time processes and PID control. The 
methods in this chapter provide a valuable theoretical basis that helps us understand 




time-domain behavior and that can be applied for quantitatively analyzing stability 
and determining tuning for a wide range of systems. Numerical examples in this 
chapter, as well as Chapter 9, have demonstrated that simple linear models are often 
adequate for calculating initial tuning constants. These results confirm that the first- 
order-with-dead-time models from empirical model fitting provide satisfactory 
accuracy for this control analysis. 

The stability analysis methods presented in this chapter are summarized in 
Figure 10.24, which gives a simple flowchart for the selection of the appropriate 
method for a particular problem. Note that the direct analysis of the roots of the 
characteristic equation is applicable to either open- or closed-loop systems that 
have polynomial characteristic equations. The Bode method can be applied to 
most closed-loop systems, and the Nyquist method is the most general. 



FIGURE 10.24 


Flowchart for selecting the stability analysis method for local analysis using linearized 

models. 
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Many controller tuning methods have been presented in these two chapters. 
The correct method for a particular application depends on the objectives of the 
control system. The information in Table 10.6 will enable you to match the tuning 
with the control objectives. If no specific information is available, the Ciancone 
tuning correlations in Chapter 9 are recommended for initial tuning constant values. 
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Questions 


The methods introduced in this chapter provide a theoretical basis for determining 
the effects of all elements in the feedback loop, process, instrumentation, and control 
algorithm on stability and tuning. These questions ask you to apply these methods. 


QUESTIONS 

10 . 1 . Consider the three-tank mixing process with a proportional-only controller 
in Example 10.5. Recalculate the root locus for the case with the three tank 
volumes reduced from 35 to 17.5 m 3 . Determine the controller gain for a 
proportional-only algorithm at which the system is at the stability limit. 
Compare your result with Example 10.5 and discuss. 

10 . 2 . Example 10.4 established the stability of a system when operated at a 
temperature T = 320 K. Given the expression for the reaction rate constant 
of k = 6.63 x 10 8 e -65CO/T min -1 , determine if the system is stable at 300 K 
and 340 K. Explain the trend in your results and determine which of the 
three cases is the worst case from a stability point of view. 

10 . 3 . Answer the following questions, which revisit the interpretations (I-VI) in 
Section 10.8. 

(a) (I) For the process in Example 5.2, determine the PI controller tuning 
constants using the Ziegler-Nichols closed-loop method. The manipu¬ 
lated variable is the inlet feed concentration, and the controlled variable 
is (i) Y\, (ii) y 2 . (iii) Y 3 , and (iv) Y 4 . Answer for both cases 1 and 2 in 
Example 5.2. 

(b) (II) Discuss the effect of the derivative mode on the stability of a 
closed-loop control system. Explain the results with respect to a Bode 
stability analysis. 

(c) (III) A linearized model is derived for the process in Figure 9.1. The 
model is to be used for controller tuning. Model errors are estimated 
to be 30 percent in L, V, and F%, and they can vary independently. 
Estimate the worst-case dynamic model that is possible within the 
estimated errors. 

id) (IV) Assume that experimental data indicates that a closed-loop PI 
system experienced sustained oscillations with constant amplitude at 
specified values of their tuning constants K' c and T[. Estimate proper, 
new values for the tuning constants. 

(e) (V) Determine the range of tuning constant values that result in stability 
for the following systems and plot the region with K c and 77 as axes. 
Locate good tuning constant values within this region: (1) the level 
system in Example 10.1 for P-only and PI controllers; (2) the three- 
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tank mixing system with a PI controller; (3) Figure 9.1 with 9 = 5 and 
r = 5. 

(f) (VI) Using arguments relating to stability and Bode plots, determine 
model simplifications in the system in Figure 7.1 and Table 7.2, to 
give the lowest-order system needed to analyze stability and tuning 
with acceptable accuracy. 

10.4. Given the process reaction curve in Figure Q10.4, calculate initial PID 
controller tuning constants using the Ziegler-Nichols tuning rules. Compare 
the results to values from the Ciancone correlations and predict which set 
of values would provide more aggressive control. 



FIGURE Q10.4 

10 . 5 . Given a feedback control system such as the three-tank mixing process, 
determine the effect of the following equipment changes on the tuning 
constants. 

(a) Installing a faster-responding control valve. 

(b) Installing a control valve with a larger maximum flow. 

(c) Installing a faster-responding sensor. 

10 . 6 . Without calculating the exact values, sketch the Bode plots for the following 
transfer functions using approximations: 

5 3 1 2 0g -2s 

(a) Gol<s) = 437+7 <w ° olW = £ (c) Gol(s> = (57+77 

10 . 7 . Determine the root locus plot in the complex plane for controller gain 
of zero to instability for the following processes: (a) example heater in 
Section 8.7; ( b ) Example 10.1; (c) Example 10.8. For the systems with PI 
controllers, assume that the integral time is fixed at the value in the original 
solution. 

10 . 8 . (a) Is the Bode stability criterion necessary, sufficient, or necessary and 

sufficient? 




( b ) Is it possible to determine the stability of a feedback control system 
with non-self-regulating process using the Bode stability criterion? 

(c) Explain the limitations on the process transfer function imposed for 
the use of the Bode method. 

{d) Determine the stability of the system in Example 10.4 using the Bode 
method. 

10 . 9 . Confirm the expressions for the amplitude ratios and phase angles given in 
Table 10.2. 

10 . 10 . Prove the following statements and give an explanation for each in your 
own words by referring to a sample physical system. 

(a) The phase lag for a gain is zero. 

( b ) The amplitude ratio for a first-order system goes to zero as the fre¬ 
quency goes to infinity. 

(c) The amplitude ratio for a second-order system with a damping coeffi¬ 
cient of 0.50 is not monotonic with frequency. 

(d) The phase angle decreases without limit as the frequency increases for 
a dead time. 

(e) For an integrator, the amplitude ratio becomes very large for low fre¬ 
quencies and becomes very small for large frequencies. 

(f) The amplitude ratio for a PI controller becomes very large at low 
frequencies. 

10 . 11 . For each of the physical systems in Table Q10.11, explain whether it can 
experience the dynamic responses shown in Figure Q10.11 for a step input 
(not necessarily at / = 0). The systems are to be considered idealized; 


TABLE QIO.11 


Control 


System 

Input variable 
(separate answer 
for each) 

Output variable 
(separate answer 
for each) 

(separate 
answer 
for each) 

Figure 7.1 and 
Example 7.1 

Signal to value 

Measured temperature 

None 

Example 8.5 

Set point 

Tank temperature 

(i) P-only 

(ii) PI 

Reactor in 
Section C.2 

F c 

Reactor temperature 

None 

Example 1.2 

(i) F s 

(ii) F a 

(i) Cai. (ii) C A 2 

None 

Example 3.3 

(i) Cm 

(ii) F 

(i) C\u (ii) C A 2 

None 

Example 9.1 

Set point 

C A 

PID 

Example 7.2 

(i) Signal to valve 

(i) C A i. (ii) C a2 , and 

(i) None 


(ii) Set point of controller in 
Example 9.2 

(iii) C a3 

(ii) P-only 

(iii) PI 
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Time 

(b) 


Time 

(a) 






Time Time 

(c) (d) 

FIGURE Q10.11 


in other words, the mixing is perfect, final element and sensor dynamics 
are negligible unless otherwise stated, and so forth. Provide quantitative 
support for each answer based on the model structure of the system. 

10 . 12 . The Bode stability technique is applied in this chapter to develop the 
Ziegler-Nichols closed-loop tuning method. For each of the following 
changes describe an appropriate modification to the closed-loop Ziegler- 
Nichols tuning method. Answer each part of this question separately. 

(a) The controller used in the plant calculates the error with the sign in¬ 
verted; E = CV — SP. 

(b) The linear plant model identified using a process reaction curve also 
has an estimate of the uncertainty in its feedback model parameters, 
K p , 0, and r. 

(c) The process model, in addition to parameters for the feedback process, 
has estimates of the disturbance dead time and time constant. 

10 . 13 . The stability analysis methods introduced in this chapter are for linear 
systems, which give local results for nonlinear systems. What conclusions 
can be drawn from the linear analysis at the extremes of the ranges given 
about the stability of the following systems? (a) Example 9.4 with Fb 
varying from 6.9 to 5.2 m 3 /min and (b) Example 9.1 with the volume of 
the tank and pipe varying by ±30%. 

10 . 14 . Given the systems with roots of the characteristic equation shown in Figure 
Q10.14, sketch the transient responses to a step input for each, assuming 
the numerator of the transfer function is 1.0. 

10 . 15 . Prove all of the statements in Table 10.3. 
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FIGURE Q10.14 


10.16. Answer the following questions regarding the derivative mode. 

(a) Based on the Bode plot of a PID controller, what is the effect of high- 
frequency measurement noise on the manipulated variable? 

(b) Redraw Figure 10.13A for Tj = 7//4. 

(c) We have considered a PID controller that uses error in the derivative 
for the stability analysis. However, the controller algorithm used com¬ 
monly in practice uses the controlled variable in the derivative mode. 
How should the stability analysis be altered to account for the use of 
the controlled variable in the derivative? 

10.17. Consider the three-tank mixing process in Example 7.2 with the same three 

5-minute time constants and with a transportation delay of 4.3 min between 

the mixing point and the entrance to the first tank. 

(i a ) Calculate initial tuning parameters using the Bode stability method 
and the Ziegler-Nichols correlations. 

(b) Explain the changes in the tuning constant values from those in Ex¬ 
ample 10.10. 

(c) Would you expect the control performance for the system with trans¬ 
portation delay to be better or worse than the system without trans¬ 
portation delay? 

10.18. (a) The dynamic performance of the system in Example 10.10 was deemed 

too oscillatory with the initial tuning calculated via Ziegler-Nichols 
correlations. How would you change the tuning constants, which con¬ 
stants, and by how much to achieve reasonably good performance with 
little oscillation? 

(b) Given the results in Example 10.13 which showed that the Ziegler- 
Nichols tuning correlations do not seem to yield robust control perfor¬ 
mance for low fraction dead time, how would you modify the Ziegler- 
Nichols correlations for 9/(6 + r) < 0.2? 
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11.1 I INTRODUCTION 

As we have seen in the previous chapters, PID feedback control can be successfully 
implemented using continuous (analog) calculating equipment. This conclusion 
should not be surprising, given the 60 years of good industrial experience with 
process control and given the fact that digital computers were not available for much 
of this time. However, digital computers have been applied to process control since 
the 1960s, as soon as they provided sufficient computing power and reliability. 
Most, but not all, new control-calculating equipment uses digital computation; 
however, the days of analog controllers are not over, for at least two reasons. First, 
control equipment has a long lifetime, so that equipment installed 10 or 20 years 
ago can still be in use; second, analog equipment has cost and reliability advantages 
in selected applications. Therefore, most plants have a mixture of analog and digital 
equipment, and the engineer should have an understanding of both approaches for 
control implementation. The basic concepts of digital control implementation are 
presented in this chapter. 

The major motivation for using digital equipment is the greater computing 
power and flexibility it can provide for controlling and monitoring process plants. 
To perform feedback control calculations via analog computation, an electrical 
circuit must be fabricated that obeys the PID algebraic and differential equations. 
Since each circuit is constructed separately, the calculations are performed rapidly 
in parallel, with no interaction between what are essentially independent analog 
computers. Analog equipment can be designed and built for a simple, standard cal¬ 
culation such as a PID controller, but it would be costly to develop analog systems 
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for a wide range of controller equations, and each system would be inflexible: the 
algorithm could not be changed; only the parameters could be adjusted. 

In comparison, digital computation uses an entirely different concept. By rep¬ 
resenting numbers in digital (binary) format and solving equations numerically to 
represent behavior of the control calculation of interest, the digital computer can 
easily execute a wide range of calculations on the same equipment, hardware, and 
basic software. Two differences between analog and digital systems are immedi¬ 
ately apparent. First, the digital system performs its function periodically, which, 
as we shall see, affects the stability and performance of the closed-loop system. 
Often, we refer to this type of control as discrete control, because control ad¬ 
justments occur periodically of discretely. Second, the digital computer performs 
calculations in series; thus, if time-consuming steps are involved in the control 
calculations, digital control might be too slow. Fortunately, modem digital com¬ 
puters and associated equipment are fast enough that they do not normally impose 
limitations related to execution speed. 

Digital computers also provide very important advantages in areas not em¬ 
phasized in this book but crucial to the successful operation of process plants. One 
area is minute-to-minute monitoring of plant conditions, which requires plant op¬ 
erators to have rapid access to plant data, displayed in an easily analyzed manner. 
Digital systems provide excellent graphical displays, which can be tailored to the 
needs of each process and person. Another area is the longer-term monitoring of 
process performance. This often involves calculations based on process data to 
report key variables such as reactor yields, boiler efficiencies, and exchanger heat 
transfer coefficients. These calculations are easily programmed and are performed 
routinely by the digital computer. 

The purpose of this chapter is to provide an overview of the unique aspects of 
digital control. The approach taken here is to present the most important differences 
between analog and digital control that could affect the application of the control 
methods and designs covered in this book. This coverage will enable the reader to 
implement digital PID controllers as well as enhancements, such as feedforward 
and decoupling, and new algorithms, such as Internal Model Control, covered later 
in the book. 


11.2 a STRUCTURE OF THE DIGITAL CONTROL SYSTEM 

Before investigating the key unique aspects of digital control, we shall quickly 
review the structure of the control equipment when digital computing is used for 
control and display. The components of a typical control loop, without the control 
calculation, were presented in Figure 7.2. Note that the sensor and transmission 
components are analog devices and can remain unchanged with digital control 
calculations. The loop with digital control is shown in Figure 11.1, where the unique 
features are highlighted. First, the signal of the controlled variable is converted from 
analog (e.g., 4-20 mA) to a digital representation. Then the control calculation 
is performed, and finally, the digital result is converted to an analog signal for 
transmission to the final control element. 

Process plants usually involve many variables, which are controlled and mon¬ 
itored from a centralized location. A digital control system to achieve these re¬ 
quirements is shown in Figure 11.2. Each measurement signal for control and 




FIGURE 11.1 

Schematic of single feedback control loop using digital calculation. 


* Monitoring 

* History 


Operators'console * Optimization 



Signal transmission to/from process 


FIGURE 11.2 

Schematic of a distributed digital control system. 

monitoring is sent through an analog-to-digital (A/D) converter to a digital com¬ 
puter (or microprocessor, fx Pr). The results of the digital control calculations are 
converted for transmission in a digital-to-analog (D/A) converter. The system may 
have one processor per control loop; however, most industrial systems have sev¬ 
eral measurements and controller calculations per processor. Systems with 32 input 
measurements and 16 controller outputs per processor are not uncommon. This 
design is less costly, although it is somewhat less reliable, because several control 
loops would be affected should a processor fail. 
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Some data from each individual processor is shared with other processors to 
enable proper display and human interaction. The information exchange is per¬ 
formed via a digital communication network (local area network, LAN), which 
enables data sharing among processors and between each processor and the unit 
that provides operator interface, usually called the operator console. An operator 
console is required so that a person can monitor the process and intervene to make 
changes in variables such as a valve opening, controller set point, or controller 
status (automatic or manual). Thus, the controller set point and tuning constants 
must be communicated from the console, where they are entered by a person, to the 
processor, where the control calculation is being performed. Also, the values of the 
controlled and manipulated variables should be communicated from the controller 
to the console for display to the person. Some data that is not typically communi¬ 
cated from the individual control processors would be intermediate values, such 
as the integral error used in the controller calculation. The operator console has 
its own processor and data storage and has visual displays (video display units, 
VDUs), audio annunciators, and a means, such as a keyboard, for the operator to 
interact with the control variables. Graphical display of variables, which is easier to 
interpret, is used along with digital display, which is more precise. Also, variables 
can be superimposed on a schematic of the process to aid operators in placing data 
in context. 

To add flexibility, more powerful processors can be connected to the local 
area network so that they can have access to the process data. These processors 
can perform tasks that are not time-critical. Examples are process-monitoring cal¬ 
culations and process optimization, which may adjust variables infrequently (e.g., 
once every few hours or shift). 

Since each digital processor performs its functions serially, it must have a 
means for deciding which task from among many to perform first. Thus, each 
processor has a real-time operating system, which organizes tasks according to a 
defined priority and schedule. For example, the control processor would consider 
its control calculations to be of high priority, and the operators’ console would 
consider a set point change to be of high priority. Lower-priority items, such as 
monitoring calculations, are performed when free time is available. An important 
aspect of real-time calculating is the ability to stop a lower-priority task when a 
high-priority task appears. This is known as a priority interrupt and is an integral 
software feature of each processor in a digital control system. 

The goal, which is nearly completely achieved, is that the integrated digital 
system responds so fast that it is indistinguishable from an instantaneous system. 
Since each function is performed in series, each step in the control loop must 
be fast. For most modem equipment, the analog-to-digital (A/D) and digital-to- 
analog (D/A) conversions are very fast with respect to other dynamics in the digital 
equipment or the process. Each processor is designed to guarantee the execution 
of high-priority control tasks within a specified period, typically within 0.1 to 
1 second. 

When estimating the integrated system response time, it is important to con¬ 
sider all equipment in the loop. For example, response to a set point change, after 
it is entered by a person, includes the execution periods of the console processor, 
digital communication, control processor, and D/A converter with hold circuit and 
the dynamic responses of the transmission to the valve and of the valve. This total 
system might involve several seconds, which is not significant for most process 



control loops but may be significant for very fast processes, such as machinery 
control. 

Another important factor in the control equipment is the accuracy of many 
signal conversions and calculations, which should not introduce errors that signif¬ 
icantly influence the accuracy of the control loop. The values in the digital system 
are communicated with sufficient resolution (16 or more bits) that errors are very 
small. Typically, the A/D converter has an error on the order of ±0.05% of the 
sensor range, and the D/A converter has an error on the order of ±0.1 % of the final 
element range. In older digital control computers, calculations were performed in 
fixed-point arithmetic; however, current equipment uses floating-point arithmetic, 
so that roundoff errors are no longer a significant problem. As a result, the errors oc¬ 
curring in the digital system are not significant when compared to the inaccuracies 
associated with the sensors, valves, and process models in common use. 

The system in Figure 11.2 and described in this section is a network of com¬ 
puters with its various functions distributed to individual processors. The type of 
control system is commonly called a distributed control system (DCS). Today’s 
digital computers are powerful enough that one central computer could perform 
all of these functions. However, the distributed control structure has many advan¬ 
tages, some of the most important of which are presented in Table 11.1. These 
advantages militate for the continued use of the distributed structure for control 
equipment design, regardless of future increases in computer processing speed. 

The major disadvantage of modern digital systems, which is not generally 
true for analog systems, is that few standards for design or interfacing are being 
observed. As a result, it is difficult to mix the equipment of two or more digital 
equipment suppliers in one control system. 


TABLE 11.1 

Features off a distributed control system (DCS) 


Feature 

Effect on process control 

Calculations performed in parallel 
by numerous processors 

Control calculations are performed faster 
than if by one processor. 

Limited number of controller 
calculations performed by a single 
processor 

Control system is more reliable, because 
a processor failure affects only few 
control loops. 

Control calculations and interfacing 
to process independent of other 
devices connected to the LAN 

Control is more reliable, because failures 
of other devices do not immediately 
affect a control processor. 

Small amount of equipment 
required for the minimum system 

Only the equipment required must be 
purchased, and the system is easily 
expanded at low cost. 

Each type of processor can have 
different hardware and software 

Hardware and software can be tailored to 
specific applications like control, 
monitoring, operator console, and 
general data processing. 
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In conclusion, the control system in Figure 11.2 is designed to provide fast 
and reliable performance of process control calculations and interactions with plant 
personnel. Clearly, the computer network is complex and requires careful design. 
However, the plant operations personnel interact with the control equipment as 
though it were one entity and do not have to know in which computer a particular 
task is performed. Also, considerable effort is made to reduce the computer pro¬ 
gramming required by process control engineers. For the most part, the preparation 
of control strategies in digital equipment involves the selection and integration of 
preprogrammed algorithms. This approach not only reduces engineering time; it 
also improves the reliability of the strategies. While distributed digital systems are 
the predominant structure for digital control equipment, the principles presented 
in the remainder of the chapter are applicable to any digital control equipment. 


11.3 El EFFECTS OF SAMPLING A CONTINUOUS SIGNAL 

The digital computer operates on discrete numerical values of the measured con¬ 
trolled variables, which are obtained by sampling from the continuous signal and 
converting this signal to digital form via A/D conversion. In this section, the way 
that the sampling is performed and the effects of sampling on process control are 
reviewed. As one might expect, some information is lost when a continuous signal 
is represented by periodic samples, as shown in Figure 11.3 a through c. These 
figures show the results of sampling a continuous sine function in Figure 11.3 a at 
a constant period, which is the common practice in process control and the only 
situation considered in this book. The sampled values for a small period (high 
frequency) in Figure 11 3b appear to represent the true, continuous signal closely, 
and the continuous signal could be reconstructed rather accurately from the sam¬ 
pled values. However, the sampled values for a long period in Figure 11.3c appear 
to lose important characteristics of the continuous measurement, so that a recon¬ 
struction from the sampled values would not accurately represent the continuous 
signal. The effects of sampling shown in Figure 11.3 are termed aliasing, which 
refers to the loss of high-frequency information due to sampling. 

An indication of the information lost by the sampling process can be deter¬ 
mined through Shannon’s sampling theorem, which is stated as follows and is 
proved in many textbooks (e.g., Astrom and Wittenmark, 1990). 


A continuous function with all frequency components at or below w! can be repre¬ 
sented uniquely by values sampled at a frequency equal to or greater than 2a>'. 


The importance of this statement is that it gives a quantitative relationship for 
how the sampling period affects the signal reconstruction. The relationship stated 
is not exactly applicable to process control, because the reconstruction of the signal 
for any time t' requires data after t', which would introduce an undesirable delay in 
the reconstructed signal being available for feedback control. However, the value 
given by the statement provides a useful bound that enables us to estimate the 
frequency range of the measurement signal that is lost when sampling at a specific 
frequency. 




EXAMPLE 11.1. 

The composition of a distillation tower product is measured by a continuous sensor, 
and the variable fluctuates due to many disturbances. The dominant variations are 
of frequencies up to 0.1 cycle/min (0.628 rad/min). At what frequency should the 
signal be sampled for complete reconstruction using the sampled values? 

If the signal has no frequency components above 0.1 cycles/min, the sampling 
frequency should be 1.256 rad/min for complete reconstruction. However, most 
signals have a broad range of frequency components, including some at very 
high frequencies. Thus, a very high sampling frequency would be required for 
complete reconstruction of essentially all process measurement signals. 





Effects of Sampling a 
Continuous Signal 




Digital sampling: (a) example of continuous measurement signal; (b) results of sampling of the signal with a period of 2; 

(c) results of alternative sampling of the signal with a period of 12.8. 
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Fortunately, our goal is not to reconstruct the signal perfectly but to provide 
sufficient information to the controller to achieve good dynamic performance. 
Thus, it is often possible to sample much less frequently than specified by Shannon’s 
theorem and still achieve good control performance (Gardenhire, 1964). If the 
signal has substantial high-frequency components with significant amplitudes, the 
continuous signal may have to be filtered, as discussed in Chapter 12. 

There are many options for using the sampled values to reconstruct the signal 
approximately. Two of the most common, zero- and first-order holds, are consid¬ 
ered here. The simplest is the zero-order hold, which assumes that the variable is 
constant between samples. The first-order hold assumes that the variable changes in 
a linear fashion as predicted from the most recent two samples. These two methods 
are compared in Figures 11.4 and 11.5, where the main difference is the amplifica- 



FIGURE 11.4 

Zero-order hold. 



FIGURE 11.5 

First-order hold. 









Time 

FIGURE 11.6 

Reconstruction of signal after zero-order hold. 
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tion in the magnitude caused by the first-order hold. Also, the first-order hold has 
a larger phase lag, which is undesirable for closed-loop control. For both of these 
reasons, the simpler zero-order hold is used almost exclusively for process control. 

The effect of the zero-order hold on the dynamics can be seen clearly if we re¬ 
construct the original signal as shown in Figure 11.6. In the figure, the reconstructed 
signal is a smooth curve through the midpoint of the zero-order hold. It is apparent 
that the reconstructed signal after the zero-order hold is identical to the original 
signal after being passed through a dead time of At/2, where the sample period 
is At (Franklin et al., 1990). This explains the rule of thumb that the major effect 
on the stability and control performance of sampling can be estimated by adding 
At/2 to the dead time of the system. Since any additional delay due to sampling 
is undesirable for feedback control and process monitoring, feedback control per¬ 
formance degrades as the process dynamics, including sampling, become slower. 
Therefore, the controller execution period should generally be made short. 

In some cases, monitoring process operations requires high data resolution, 
because short-term changes in key variables can significantly influence process 
safety and profit. However, process monitoring also involves variables that change 
slowly with time, such as a heat transfer coefficient, and the data collected for this 
purpose does not have to be sampled rapidly. 

In conclusion, sampling is the main difference between continuous and digital 
control. Since process measurements have components at a wide range of frequen¬ 
cies, some high-frequency information is lost by sampling. The effect of sampling 
on control performance, with a zero-order hold used for sampling, is addressed 
after the digital controller algorithm is introduced in the next section. 


11.4 m THE DISCRETE PID CONTROL ALGORITHM 

The proportional-integral-derivative control algorithm presented in Chapter 8 is 
continuous and cannot be used directly in digital computations. The algorithm 
appropriate for digital computation is a modified form of the continuous algorithm 
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that can be executed periodically using sampled values of the controlled variable to 
determine the value for the controller output. The controller output passes through 
a digital-to-analog converter and a zero-order hold; therefore, the signal to the final 
control element is changed to the result of the last calculation and held at this value 
until the next controller execution. 

The digital calculation should approximate the continuous PID algorithm: 

MV(/) = K c [E(f) + jr£ E(t')dt' - + / (11.1) 

The method for approximating each mode is presented in equations (11.2) to (11.4). 
In these equations the value at the current sample is designated by the subscript 
N and the ith previous sample by N — i. Thus the current values of the controlled 
variable, set point, and controller output are CWn, SPn, and MVyy, respectively. 
The error is defined consistently with continuous systems as En = SP/v — CV W . 


Proportional mode: 

(MVjv)prop = K c E n (11.2) 

Integral mode: 

(MV w ) im = Y. E ‘ 01.3) 

Tl M 

Derivative mode: 

(MV„) der = -kACV n - CV W _,) (11.4) 

At 

The proportional term is self-explanatory. The integral term is derived by approxi¬ 
mating the continuous integration with a simple rectangular approximation. Those 
familiar with numerical methods recognize that this is not as accurate an approx¬ 
imation as possible with other integration methods used in numerical analysis 
(Gerald and Wheatley, 1989). However, small numerical errors in this calculation 
are not too important, because the integral mode continues to make changes in the 
output until the error is zero. Thus, zero steady-state offset for steplike inputs is 
not compromised by small numerical errors. Note that all past values of the error 
do not have to be stored, because the summation can be calculated recursively 
according to the equation 

N 

Sn = ^ Ei = En + Sn-\ (11.5) 

;=i 

where Sn-i = S/LV E i an d is stored from the previous controller execution. 

The derivative is approximated by a backward difference. This approximation 
provides some smoothing; for example, the derivative of a perfect step is not infinite 
using equation (11.4), since At is never zero. 

The three modes are combined into the full-position PID control algorithm: 


MV* = K c 


En + t- E E ‘ ~ t;( cv * " cv "->) 


N 


T d 


T, 


i=i 


At 


+ / 


Full-position 
Digital PID 


( 11 . 6 ) 



Note that the constant of initialization is retained so that the manipulated variable 
does not change when the controller initiates its calculations. 

Equation (11.6) is referred to as the full-position algorithm because it cal¬ 
culates the value to be output to the manipulated variable at each execution. An 
alternative approach would be to calculate only the change in the controller output 
at each execution, which is achieved with the velocity form of the digital PID: 

AMVyy = K c - E n .i + -E n - ^-(CV* -2CV w _, +CV/v- 2 )1 (11.7) Velocity 

' J Digital PID 

MVyv = MV/y-i + AMVjy (11.8) 

This equation is derived by subtracting the full-position equation (11.6) at sample 
N — 1 from the equation at sample N. Either the full-position or the velocity 
form can be used, and many commercial systems are in operation with each basic 
algorithm. 

The digital PID controller, either equation (11.6) or (11.7), can be rapidly 
executed in a process control computer. Only a few multiplications of current or 
recent past values times parameters and a summation are required. Also, little data 
storage is required for the parameters and few past values. 

In conclusion, simple numerical methods are adequate for approximating the 
integral and derivative terms in the PID controller. As a result, the controller modes, 
set point, and tuning constants are the same in the digital PID algorithm as they 
are in the continuous algorithm. This is very helpful, because we can apply what 
we have learned in previous chapters about how the modes affect stability and 
performance to the digital algorithm. For example, it can be shown for the digital 
controller that the integral mode is required for zero steady-state offset and that 
the derivative mode amplifies high-frequency noise. 
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11.5 □ EFFECTS OF DIGITAL CONTROL ON STABILITY, 
TUNING, AND PERFORMANCE 

The tuning of continuous control systems is presented in Chapter 9, and stability 
analysis is presented in Chapter 10. A similar, mathematically rigorous analysis 
of the stability of digital control systems can be performed and is presented in Ap¬ 
pendix L. This section provides the essential results without detailed mathematical 
proofs. The major differences in digital systems are highlighted, modifications to 
existing tuning guidelines are provided, and examples are presented to demonstrate 
the results. The measures of control performance and the definition of stability are 
the same as introduced in previous chapters. 

As described in Section 11.3, sampling introduces an additional delay in the 
feedback system, and this delay is similar to, but not the same as, a dead time. 
Thus, we expect that longer sampling will tend to destabilize a feedback system 
and degrade its performance. 

EXAMPLE 11.2. 

As an example, we consider a feedback control system for which the transfer 
functions for the process and disturbance are as follows and the disturbance is a 
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G p (s) 


—l.Oe -21 

(10s + l)(0.2s + 1) 


—1.0e~ Z2s 
(10s+ 1) 


Gd(s) (5s + l)(10s + l) 



(11.9) 


The performance of the system under continuous PI feedback control is given in 
Figure 11.7 a using the Ciancone tuning from Figure 9.9. The performance is given 
in Figure 11.7b under discrete PI control with an execution period of 9, using 
the same tuning as in Figure 11.7a. We notice that the discrete response is more 
oscillatory and gives generally poorer performance. Several other responses were 
simulated, and their results are summarized in Table 11.2. When the execution 
period was made long, in this case 10 or greater, the control system became 
unstable! 




(a) (b) 



(c) 

FIGURE 11.7 

Example process: (a) under continuous control; (b) under digital PI control with At = 9 using continuous tuning; (c) under 
digital control with At = 9 using altered tuning from Table 113. 








TABLE 11.2 
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Example off the performance 


of PI controllers for various 
execution periods with 

K e = -1.7 and T, = 5.5 

Effects of Digital 
Control on Stability, 
Tuning, and 
Performance 

Execution period 

IAE 

Continuous 

18.9 


0.5 

18.9 


1.0 

19.1 


3.0 

19.9 


7.0 

25.8 


9.0 

32.0 


10.0 

Unstable 




This example shows that the control performance generally degrades for increasing 
sample periods and that the system can become unstable at long periods. 

Since sampling introduces a delay in the feedback loop, we would expect that 
the tuning should be altered for digital systems to account for the sampling. The re¬ 
sult in Section 11.3 indicated that the sample introduced an additional delay, which 
can be approximated as a dead time of Ar/2. Thus, one common approach for tun¬ 
ing PID feedback controllers and estimating their performance is to add At/2 to 
the feedback process dead time and use methods and guidelines for continuous 
systems (Franklin, Powell, and Workman, 1990). The tuning rules developed in 
Chapters 9 and 10 can be applied to digital systems with the dead time used in 
the calculations equal to the process dead time plus one-half of the sample period 
(i.e., 6 ' = 9 + At/2). 

As demonstrated in Example 11.2, slow digital PID controller execution can 
degrade feedback performance. Also, as the execution becomes faster, i.e., as the 
execution period becomes smaller, the performance is expected to approach that 
achieved using a continuous controller. Thus, a key question is “Below what value 
of the PID controller execution period do the digital and continuous controllers 
provide nearly the same performance?” The following guideline, based on expe¬ 
rience, is recommended for selecting controller execution period: 


Tb achieve digital control performance close to continuous performance, select the 
PID controller execution period At < 0.05(0 + t), with 0 and r the feedback dead 
time and dominant time constant, respectively. 


The execution period is proportional to the feedback dynamics, which seems 
logical because faster processes would benefit from faster controller execution. 
Many of the modem digital control systems have execution periods less than 1 sec; 
therefore, this guideline is easily achieved for most chemical processes. However, 
it may not be easily achieved for (1) fast processes, such as pressure control of 
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liquid-filled systems, or (2) control systems using analyzers that provide a new 
measurement infrequently. 

The preceding discussion is summarized in the following tuning procedure: 


1. Obtain an empirical model. 

2. Determine the sample period [e.g., At < 0.05(0 + r)]. 

3. Determine the tuning constants using appropriate methods (e.g., Ciancone cor¬ 
relation or Ziegler-Nichols method) with O' = 9 + At/2. 

4. Implement the initial tuning constants and fine-tune. 


As stated previously, the values obtained from these guidelines should be con¬ 
sidered initial estimates of the tuning constants, which are to be evaluated and 
improved based on empirical performance through fine-tuning. 

EXAMPLE 11.3. 

Apply the recommended method to tune a digital controller for the process defined 
in equation (11.9). Results for several execution periods are given in Table 11.3, 
with the tuning again from the Ciancone correlations in Figure 9.9, and the control 
performance is shown in Figure 11.7c for an execution period of 9. Note that in all 
cases, including that with an execution period of 10, the dynamic performance is 
stable and well behaved (not too oscillatory). Recall that the performance could be 
improved (IAE reduced) with some fine-tuning, but at the expense of robustness. 

It is apparent that the dynamic response is well behaved, with a reasonable 
damping ratio and moderate adjustments in the manipulated variable, when the 
digital controller is properly tuned. Also, it is clear that the performance of the 
digital controller is not as good as that of the continuous controller. In fact, 


The performance of a continuous process under digital PID control is nearly 
always worse than under continuous control. The difference depends on the 
length of the execution period relative to the feedback dynamics. 


TABLE 11.3 

Example of the performance of PI controllers for various 
execution periods with tuning adjusted accordingly 


Execution 
period At 

Dead time 

O'= 0 + At/2 

Fraction 
dead time 

0'/(.O' + r) 

K c 

T, 

IAE 

Continuous 

2.2 

0.18 

-1.7 

5.5 

18.9 

1 

2.7 

0.21 

-1.76 

6.1 

19.2 

3 

3.7 

0.27 

-1.50 

8.9 

26.8 

5 

4.7 

0.32 

-1.23 

10.3 

36.0 

7 

5.2 

0.34 

-1.2 

10.6 

37.2 

9 

6.7 

0.40 

-1.05 

11.0 

42.7 

10 

7.2 

0.42 

-1.0 

11.1 

44.8 
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Note that the execution period is related to the dynamics of the feedback 
process, since "fast" and “slow” must be relative to the process. A guideline drawn 
from Table 11.3 is that the effect of sampling and digital control is not usually 
significant when the sample period is less than about 0.05(0 + r). For a summary 
of many other guidelines, see Seborg, Edgar, and Mellichamp (1989). 


Effects of Digital 
Control on Stability, 
Tuning, and 
Performance 


Occasionally, controllers give poor performance that is a direct result of the 
digital implementation. This type of performance is shown in Figure 11.8a, in 
which a digital PI controller with a relatively slow execution period is controlling 
a process with very fast dynamics. The models for the process and controller are 
as follows: 


Process: 


- 1.0 
0.5s + 1 


( 11 . 10 ) 


( A tV \ 

En + — ^2^‘J with At = 0.5 (11.11) 

The oscillations in the manipulated variable are known as ringing. Diagnosing 
the causes of ringing requires mathematics (^-transforms) (Appendix L). However, 
the cause of this poor performance can be understood by considering the digital 
controller equation (11.11). The controller adjusts the manipulated variable to cor¬ 
rect an error (e.g., a large positive adjustment). If a large percentage of the effect 
of the correction appears in the measured control variable at the next execution, 
the current error £V can be small while the past error, En- i, will be large with 
a negative sign, causing a large negative adjustment in the manipulated variable. 
The result is an oscillation in the manipulated variable every execution period, 



(a) (b) 

FIGURE 11.8 

Digital control of a fast process (a) with K c = —1.4 and 7) = 7.0; (6) with K c = —0.14 and 7# = 0.64. 
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which is very undesirable. In this case, the oscillations can be reduced by decreasing 
the controller gain and decreasing the integral time, so that the controller behaves 
more like an integral controller. The improved performance for the altered tuning 
is given in Figure 11.86. This type of correction is usually sufficient to reduce 
ringing for PID control. 

We have seen that the digital controller generally gives poorer performance 
than the equivalent continuous controller, although the difference is not significant 
if the controller execution is fast with respect to the feedback process. 


11.6 a EXAMPLE OF DIGITAL CONTROL STRATEGY 

To demonstrate the analysis of a control system for digital control, the execution 
periods for the flash system in Figure 11.9 are estimated. The process associated 
with the flow controller is very fast; thus, the execution period should be fast, and 
perhaps, the controller gain may have to be decreased due to ringing. The level 
inventory would normally have a holdup time (volume/flow) of about 5 min, so 
that very frequent level controller execution is not necessary. 

Let us assume that the analyzer periodically takes a sample from the liquid 
product and determines the composition by chromatography. In this case, the an¬ 
alyzer provides new information to the controller at the completion of each batch 
analysis, which can be automated at a period depending on the difficulty of sep¬ 
aration. For example, a simple chromatograph might be able to send an updated 
measured value of the controlled variable every 2 min. Since the analyzer controller 
should be executed only when a new measured value is available, the controller 
execution period should be 2 min. 

The execution periods can be approximated using the guideline of At = 
0.05(0 + r) for PID controllers, with the process parameters determined by one 
of the empirical model identification methods described in Chapter 6. Modem 
digital controllers typically execute most loops very frequently, usually with a 
period under 1 sec, unless the engineer specifies a longer period. The results for 
the example are summarized in Table 11.4. 

Notice that the conventional digital systems might not satisfy the guideline 
for very fast processes, but the resulting small degradation of the control perfor- 



Example process for selecting controller execution periods. 











TABLE 11.4 

Digital controller execution periods for the example in Figure 11.9 


Controlled variable 

Maximum execution 
period 

Typical execution period 
in commercial equipment 

Flow 

0.2 sec 

0.1 to 0.5 sec 

Level 

15 sec 

0.1 to 0.5 sec 

Analyzer 

2 min 

2 min 



Trends in Digital 
Control 


mance is not usually significant for most flows and pressures. When the variable 
is extremely important, as is the case in compressor surge control, which prevents 
damage to expensive mechanical equipment, digital equipment with faster execu¬ 
tion (and sensors and valves with faster responses) should be used (e.g., Staroselsky 
andLadin, 1979). 

The analyzer has a very long execution period; therefore, it would be best to 
select the execution immediately when the new measured value becomes available, 
rather than initiate execution every 2 min whether the updated measurement is 
available or not. Thus, it is common practice for the controller execution to be 
synchronized with the update of a sensor with a long sample period; this is achieved 
through a special signal that indicates that the new measured value has just arrived. 

11.7 □ TRENDS IN DIGITAL CONTROL 

The basic principles presented in this chapter should not change as digital control 
equipment evolves. However, many of the descriptions of the equipment will un¬ 
doubtedly change; in fact, the simple descriptions here do not attempt to cover all 
of the newer features being used. A few of the more important trends in digital 
control are presented in this section. 

Signal Transmission 

The equipment described in this chapter involves analog signal transmission be¬ 
tween the central control room and the sensor and valve. It is possible to collect a 
large number of signals at the process equipment and transmit the information via a 
digital communication line. This digital communication would eliminate many— 
up to thousands—of the cables and terminations and result in great cost savings. 
The reliability of this digital system might not be as good, because the failure of 
the single transmission line would cause a large number of control loops to fail 
simultaneously. However, the potential economic benefit provides a driving force 
for improved, high-reliability designs. This is a rapidly changing area for which 
important standards are being developed that should facilitate the integration of 
equipment from various suppliers (Lidner, 1990; Thomas, 1999). 

It is possible to communicate without physical connections, via telemetry. This 
method is now used to collect data from remote process equipment such as crude 
petroleum production equipment over hundreds of kilometers. When telemetry is 
sufficiently reliable, some control could be implemented using this communication 
method. 
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Microprocessor technology can be applied directly at the sensor and transmitter to 
provide better performance. An important feature of these sensors is the ability for 
self-calibration —that is, automatic corrections for environmental changes, such 
as temperature, electrical noise, and process conditions. 

Operator Displays 

Excellent displays are essential so that operating personnel can quickly analyze 
and respond to ever-changing plant conditions. Current displays consist of multiple 
cathode ray tubes (CRTs). Future display technology is expected to provide flat 
screens of much larger area. These larger screens will allow more information to 
be displayed concurrently, thus improving process monitoring. 

Controller Algorithms 

The flexibility of digital calculations eliminates a restriction previously imposed by 
analog computation that prevented engineers from employing complex algorithms 
for special-purpose applications. Some of the most successful new algorithms 
use explicit dynamic models in the controller. These algorithms are presented in 
this book in Chapter 19 on predictive control and in Chapter 23 on centralized 
multivariable control. 


Monitoring and Optimization 

The large amount of data collected and stored by digital control systems provides 
an excellent resource for engineering analysis of process performance. The results 
of this analysis can be used to adjust the operating conditions to improve product 
quality and profit. This topic is addressed in Chapter 26. 

11.8 □ CONCLUSIONS 

Digital computers have become the standard equipment for implementing process 
control calculations. However, the trend toward digital control is not based on better 
performance of PID control loops. In fact, the material in this chapter demonstrates 
that most PID control loops with digital controllers do not perform as well as those 
with continuous controllers, although the difference is usually very small. 

The sampling of a continuous measured signal for use in feedback control 
introduces a limit to control performance, because some high-frequency informa¬ 
tion is lost through sampling. Shannon’s theorem provides a quantitative estimate 
of the frequency range over which information is lost. 

Sampling and discrete execution introduce an additional dynamic effect in 
the feedback loop, which influences stability and performance. Guidelines are 
provided that indicate how the PID controller tuning should be modified to re¬ 
tain the proper margin from the stability limit while providing reasonable control 
performance. As we recall, the stability margin is desired so that the control sys¬ 
tem performs well when the process dynamic response changes from its estimated 
value—in other words, so that the system performance is robust. 



A major conclusion from this chapter is that 


The characteristics of the modes and tuning constants for the continuous PID con¬ 
troller can be interpreted in the same manner for the digital PID controller. The digital 
PID controller must use modified tuning guidelines to achieve good performance 
and robustness. 


This valuable result enables us to apply the same basic concepts to both continuous 
analog and digital controllers. 

The power of digital computers is in their flexibility to execute other control 
algorithms easily, even if the computations are complex. 


All control methods described in subsequent chapters can be implemented in either 
analog or digital calculating equipment, unless otherwise stated. Where the digital 
implementation is not obvious, the digital form of the controller algorithm is given. 


This power will be capitalized on when applying advanced methods such as non¬ 
linear control (Chapters 16 and 18), inferential control (Chapter 17), predictive 
control (Chapters 19 and 23), and optimization and statistical monitoring (Chap¬ 
ter 26). 

Many of the guidelines and recommendations in this chapter have been verified 
through simulation examples. For continuous control systems, rigorous proofs and 
methods of analysis have been provided using Laplace transforms, for example, 
in Chapter 10 (and the forthcoming Chapter 13). Similar analysis methods are 
available for digital control systems using 2 -transforms. An introduction to z- 
transforms and their application to digital control systems analysis are provided in 
Appendix L. 
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Each commercial digital control system has an enormous array of features, making 
comparisons difficult. A summary of the equipment for some major suppliers is 
provided in the manual 

Wade, H. (ed.), Distributed Control Systems Manual, Instrument Society of 
America, Research Triangle Park, NC, 1992 (with periodic updates). 

In addition to the references by Astrom and Wittenmark (1990) and by Franklin 
et al. (1990), the following book gives detailed information on z-transforms and 
digital control theory. 

Ogata, K., Discrete-Time Control Systems, Prentice-Hall, Englewood Cliffs, 
NJ, 1987. 

For an analysis of digital controller execution periods that considers the dis¬ 
turbance dynamics for statistical, rather than deterministic, disturbances, see 

MacGregor, J., “Optimal Choice of the Sampling Interval for Discrete Process 
Control,” Technometrics, 18, 2,151-160 (May 1976). 


QUESTIONS 

11.1. Answer these questions about the digital PID algorithm. 

(a) Give the equations for the full-position and velocity PID controllers if 
a trapezoidal numerical integration were used for the integral mode. 

(b) The digital controller can be simplified to the following form to reduce 
real-time computations. Determine the values for the constants (the 
A, s) in terms of the tuning constants and execution period for (i) PID, 
(ii) PI, and (iii) PD controllers. 


AMV/y = A[ En + AiEn-x + A 3 CV ^ + A 4 CVn_i + A$CVn-2 

11.2. Many tuning rules were designed for continuous control systems, such as 
Ziegler-Nichols, Ciancone, and Lopez. 

(a) Describe the conditions, including quantitative measures, for which 
these tuning rules could be applied to digital controllers without mod¬ 
ification. 

(b) How could you adjust the rules to systems that had longer execution 
periods than determined by the approximate guidelines given in part 
(a) of this question? 

11.3. Develop a simulation of a simple process under digital PID control. Equa¬ 
tions for the process are given below. The calculations can be performed 
using a spreadsheet or a programming language. The input change is a step 
set point change from 1 to 2.0 at time = 1.0. The process parameters can 
be taken from the system in Section 9.3; K p = 1.0, r = 5.0, and 9 = 5.0, 
and the controller and simulation time steps can be taken to be equal; that 
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is, St = At = 1.0. 

Process: CV N = (e~ s,/r )CW N -i + K p (I - e~ s 'A)V = £ 

Controller: MV W = MV W _| + K c (e n - E N . { + jrE N ^j 

with St = step size for the numerical solution of the process equation 
At = execution period of the digital controller 

(a) Verify the equations for the process and controller and determine the 
initial conditions for MV and CV. 

( b ) Repeat the study summarized in Figure 9.2 for a set point change. 

(c) Use the tuning in Table 9.2 to obtain the IAE for set point changes. 
id) Select tuning from several points on the response surface in Figure 9.3. 

Obtain the dynamic responses and explain the behavior: oscillatory, 
overdamped, and so forth. 

1 1.4. Repeat question 11.3 for the system in Example 8.5 and obtain the dynamic 
response given in Figure 8.9. You must determine all parameters in the 
equations, including appropriate values for the process simulation step size 
and the execution period of the digital controller. Solve this problem by 
simulating (1) the linearized process model and (2) the nonlinear process 
model. 


11.5. State for each of the controller variables in the following list 

( a ) its source (e.g., from an operator, from process, or from a calculation) 

(b) whether the variable would be transferred to the operator console for 
display 

(1) SPw, the controller set point 

(2) CV/v, the current value of the controlled variable 

(3) K c , the controller gain 

(4) Sn, the sum of all past errors used in approximating the integral 
error 

(5) MVn, the current controller output 

(6) M/A, the status of the controller (M=manual or off, A=automatic 
or on) 

(7) AMV/y, the current change to the manipulated variable 

(8) En, the current value of the error 


11.6. A process control design is given in Figure Q11.6. The process transfer 
functions G p (s ) follow, with time in minutes: 


(G„(s))r 
(G p (s)) A 


uiO) 

Ads) 

v 2 (s) 


3e 1-2,t 
T+Ys 
1.3fT a5s 
1 + 14s 



(a) For each controller, determine the maximum execution period so that 
digital execution does not significantly affect the control performance. 

(b) Determine the PID controller tuning for each controller for two values 
of the execution period: 

(1) The result in (a) and (2) a value of 3 minutes 


Questions 
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FIGURE Q11.6 

11.7. In the chapter it was stated that the digital controller should not be executed 
faster than the measured controlled variable is updated. In your own words, 
explain the effect of executing the controller faster than the measurement 
update and why this effect is undesirable. 

11.8. An example of ringing occurs when a digital proportional-only controller 
is applied to a process that is so fast that it reaches steady state within one 
execution period, At. The following calculations, which are simple enough 
to be carried out by hand, will help explain ringing. 

(a) Calculate several steps of the response of a control system with a 
steady-state process with K p = 1.0(0 = r = 0) and a proportional- 
only controller, K c = 0.8. Assume that the system is initially at steady 
state and a set point change of 5 units is made. 

(b) Repeat the calculation for an integral-only controller, equation (8.16). 
Find a value of the parameter (K c At/Ti) by trial and error that gives 
good dynamic performance for the controlled and manipulated vari¬ 
ables. 

(c) Generalize the results in ( a ) and (b) and give a tuning rule for integral- 
only, digital control of a fast process. 

11.9. Some example process dynamics and associated digital feedback execution 
periods are given in the following table. For each, calculate the PI controller 
tuning constants, assuming standard control performance objectives. 



Process transfer function Execution period 

G p (s) At 


(a) 

Three-tank mixer, Example 7.2 

Selected by reader 

( b) 

Recycle system in equation (5.51) 

Selected by reader 

(c) 

1 . 2 e _01j 

1 + 0.5s 
l.2e~ 0ls 

0.25 

(d) 

1 + 0.5* 

2.le~ 20s 

5.0 

( e ) 

1 + 1005 

2Ae~ l0Os 

30 

(0 

1+20 j 

30 





11.10. Considering the description of a distributed digital control system, de¬ 
termine which processors, signal converters, and transmission equipment 
must act and in what order for (a) the result of an operator-entered set point 
change to reach the valve; ( b ) a process change to be detected and acted 
upon by the controller so that the valve is adjusted. 

11.11. Consider a signal that is a perfect sine with period r s j gn ai, and is sampled 
at period T sampie , with Sample < r s ig na |. Determine the primary aliasing 
frequency (the sample frequency at which the sampled values are periodic 
with a period a multiple of the true signal sine frequency) as a function of 
the two periods. 

11.12. ( a ) Determine bounds on the error between the continuous signal and the 

output of the sample/hold for a zero-order and a first-order hold. (Hint: 
Consider the rate of change of the continuous signal.) 

( b ) Apply the results in (a) to a continuous sine signal and determine the 
errors for various values of the sample period to sine period. 

(c) Which hold gives a smaller error in (b)? 

11.13. Answer the following questions regarding the computer implementation of 
the digital PID controller. 

(a) Can the controller tuning constants be changed while the controller 
is functioning without disturbing the manipulated variable? (Consider 
the velocity and full-positional forms separately.) 

(b) For the velocity form of the PID, what is the value for MV^_i for the 
first execution of the controller? 

(c) For the full-position form of the PID, the sum of the error term might 
become very large and overflow the word length. Is this a problem 
likely to occur? 

( d ) Discuss how the calculations could be programmed to introduce limits 
on the change of the manipulated variable (AMV/y), the set point 
(SP/y), and the manipulated variable (MV/y). 

( e ) Can you anticipate any performance difficulties when the limitations 
in (d) are implemented? If yes, suggest modifications to the algorithm. 



Practical 
Application of 
Feedback 
Control 



12.1 n INTRODUCTION 

The major components of the feedback control calculations have been presented 
in previous chapters in this part. However, much more needs to be done to ensure 
the successful application of the principles already covered. Practical application 
of feedback control requires that equipment and calculations provide accuracy 
and reliability and also overcome a few shortcomings of the basic PID control 
algorithm. Some of these requirements are satisfied through careful specification 
and maintenance of equipment used in the control loop. Other requirements are 
satisfied through modifications to the control calculations. 

The application issues will be discussed with reference to the control loop 
diagram in Figure 12.1, which shows that many of the calculations can be grouped 
into three categories: input processing, control algorithm, and output processing. 
As shown in Table 12.1, most of the calculation modifications are available in both 
analog and digital equipment; however, a few are not available on standard analog 
equipment, because of excessive cost. The application requirements are discussed 
in the order of the four major topics given in Table 12.1. A few key equipment spec¬ 
ifications are presented first, followed by input processing calculations, performed 
before the control calculation. Then, modifications to the PID control calculation 
are explained. Finally, a few issues related to output processing are presented. 
The topics in this chapter are by no means a complete presentation of practical 
issues for successful application of control; they are limited to the most important 
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FIGURE 12.1 

Simplified control loop drawing, showing 
application topics. 


TABLE 12.1 

Summary off application issues 


Application topic 

Available in either 
analog or digital 
equipment 

Typically available 
only in digital 
equipment 

Equipment specification 

Measurement range 

t 


Final element capacity 

t 


Failure mode 

t 


Input processing 

Input validity 


X 

Engineering units 


X 

Linearization 

X 


Filtering 

X 


Control algorithm 

Sign 

X 


Dimensionless gain 

X 


Anti-reset windup 

X 


Derivative filter 

X 


Output processing 

Initialization 

X 


Bounds on output variable 

X 


t Involves field control equipment that is independent of analog or digital controllers. 


issues for single-loop control. Further topics, addressing design, reliability, and 
safety, are covered in Part VI after multiple-loop processes and controls have been 
introduced. 
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Proper specification of process and control equipment is essential for good control 
performance. In this section, the specification of sensors and final control elements 
is discussed. Sensors are selected to provide an indication of the true controlled 
variable and are selected based on accuracy, reproducibility, and cost. The first two 
terms are defined here as paraphrased from ISA (1979). 

Accuracy is the degree of conformity to a standard (or true) value when the 
device is operated under specified conditions. This is usually expressed as a bound 
that errors will not exceed when a measuring device is used under these specified 
conditions, and it is often reported as inaccuracy as a percent on the instrument 
range. 

Reproducibility is the closeness of agreement among repeated sensor outputs 
for the same process variable value. Thus, a sensor that has very good reproducibil¬ 
ity can have a large deviation from the true process variable; however, the sensor 
is consistent in providing (nearly) the same indication for the same true process 
variable. 

Often, deviations between the true variable and the sensor indication occur 
as a “drift” or slow change over a period of time, and this drift contributes a 
bias error. In these situations, the accuracy of the sensor may be poor, although 
it may provide a good indication of the change in the process variable, since the 
sensitivity relationship (A sensor signal)/(A true variable) may be nearly constant. 
Although a sensor with high accuracy is always preferred because it gives a close 
indication of the true process variable, cases will be encountered in later chapters 
in which reproducibility is acceptable as long as the sensitivity is unaffected by 
the drift. For example, reproducibility is often acceptable when the measurement 
is applied in enhancing the performance of a control design in which the key 
output controlled variable is measured with an accurate sensor. The importance of 
accuracy and reproducibility will become clearer after advanced control designs 
such as cascade and feedforward control are covered; therefore, the selection of 
sensors is discussed again in Chapter 24. 

Often, inaccuracies can be corrected by periodic calibration of the sensor. 
If the period of time between calibrations is relatively long, a drift from high 
accuracy over days or weeks could result in poor control performance. Thus, 
critical instruments deserve more frequent maintenance. If the period between 
calibrations is long, some other means for compensating the sensor value for a 
drift from the accurate signal may be used; often, laboratory analyses can be used 
to determine the bias between the sensor and true (laboratory) value. If this bias is 
expected to change very slowly, compared with laboratory updates, the corrected 
sensor value, equalling measurement plus bias, can be used for real-time control. 
Further discussion on using measurements that are not exact, but give approximate 
indications of the process variable over limited conditions, is given in Chapter 17 
on inferential control. 


Equipment 

Specification 


Sensor Range 

An important factor that must be decided for every sensor is its range. For essen¬ 
tially all sensors, accuracy and reproducibility improve as the range is reduced, 
which means that a small range would be preferred. However, the range must be 
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large enough to span the expected variation of the process variable during typi¬ 
cal conditions, including disturbances and set point changes. Also, the measure¬ 
ment ranges are selected for easy interpretation of graphical displays; thus, ranges 
are selected that are evenly divisible, such as 10, 20, 50, 100, or 200. Naturally, 
each measurement must be analyzed separately to determine the most appropriate 
ranges, but some typical examples are given in the following table. 


Variable 

typical set point 

Sensor range 

Furnace outlet temperature 

600°C 

550-650°C 

Pressure 

50 bar 

40-60 bar 

Composition 

0.50 mole % 

0 -2.0 mole % 


Levels of liquids (or solids) in vessels are typically expressed as a percent of the 
span of the sensor rather than in length (meters). Flows are often measured by 
pressure drop across an orifice meter. Since orifice plates are supplied in a limited 
number of sizes, the equipment is selected to be the smallest size that is (just) large 
enough to measure the largest expected flow. The expected flow is always greater 
than the design flow; as a result of the limited equipment and expected flow range, 
the flow sensor can usually measure at least 120 percent of the design value, and 
its range is essentially never an even number such as 0 to 100 m 3 /day. 

These simple guidelines do not satisfy all situations, and two important excep¬ 
tions are mentioned here. The first special situation involves nonnormal operations, 
such as startup and major disturbances, when the variable covers a much greater 
range. Clearly, the suppressed ranges about normal operation will not be satis¬ 
factory in these cases. The usual practice is to provide an additional sensor with 
a much larger range to provide a measurement, with lower accuracy and repro¬ 
ducibility, for these special cases. For example, the furnace outlet temperature 
shown in Figure 12.2, which is normally about 600°C, will vary from about 20 to 
600° C during startup and must be monitored to ensure that the proper warm-up 
rate is attained. An additional sensor with a range of 0 to 800°C could be used 
for this purpose. The additional sensor could be used for control by providing a 
switch, which selects either of the sensors for control. Naturally, the controller 
tuning constants would have to be adapted for the two types of operation. 

A second special situation occurs when the accuracy of a sensor varies over 
its range. For example, a flow might be normally about 30 m 3 /h in one operating 
situation and about 100 m 3 /h in the other. Since a pressure drop across an orifice 
meter does not measure the flow accurately for the lower one-third of its range, two 
pressure drop measurements are required with different ranges. For this example, 
the meter ranges might be 0 to 40 and 0 to 120 m 3 /h, with the smaller range 
providing good accuracy for smaller flows. 

Control Valve 

The other critical control equipment item is the final element, which is normally a 
control valve. The valve should be sized just large enough to handle the maximum 
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Flue gas 



FIGURE 12.2 

Fired heater with simple control strategy. 


Equipment 

Specification 


expected flow at the expected pressure drop and fluid properties. Oversized control 
valves (i.e., valves with maximum possible flows many times larger than needed) 
would be costly and might not provide precise maintenance of low flows. The 
acceptable range for many valves is about 25:1; in other words, the valve can 
regulate the flow smoothly from 4 to nearly 100 percent of its range, with flows 
below 4 percent having unacceptable variation. (Note that the range of stable flow 
depends on many factors in valve design and installation; the engineer should 
consult specific technical literature for the equipment and process design.) Valves 
are manufactured in specific sizes, and the engineer selects the smallest valve size 
that satisfies the maximum flow demand. If very tight regulation of small changes 
is required for a large total flow, a typical approach is to provide two valves, as 
shown in Figure 12.3. This example shows a pH control system in which acid is 
adjusted to achieve the desired pH. In this design, the position of the large valve is 
changed infrequently by the operator, and the position of the small valve is changed 
automatically by the controller. Strategies for the controller to adjust both valves 
are presented in Chapter 22 on variable-structure control. 


Sensors and final elements are sized to (just) accommodate the typical operating 
range of the variable. Extreme oversizing of a single element is to be avoided; a 
separate element with larger range should be provided if necessary. 


Another important issue is the behavior of control equipment when power 
is interrupted. Naturally, a power interruption is an infrequent occurrence, but 
proper equipment specification is critical so that the system responds safely in 
this situation. Power is supplied to most final control elements (i.e., valves) as air 
pressure, and loss of power results from the stoppage of air compressors or from the 
failure of pneumatic lines. The response of the valve when the air pressure, which 


Large valve Small valve 



Stirred-tank pH control system with two 
manipulated valves, of which only one is 
adjusted automatically. 
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J 1 -c&— 

fc Heating f 0 

medium 

FIGURE 12.4 

A flash separation unit with the valve 
failure modes. 


is normally 3 to 15 psig, decreases below 3 psig is called its failure mode. Most 
valves fail open or fail closed, with the selection determined by the engineer to 
give the safest process conditions after the failure. Normally, the safest conditions 
involve the lowest pressures and temperatures. As an example, the flash drum in 
Figure 12.4 would have the valve failure modes shown in the figure, with “fo” 
used to designate a fail-open valve and “fc” a fail-closed valve. (An alternative 
designation is an arrow on the valve stem pointing in the direction that the valve 
takes upon air loss.) The valve failure modes in the example set the feed to zero, 
the output liquid flow to maximum, the heating medium flow to zero, and the vapor 
flow to its maximum. All of these actions tend to minimize the possibility of an 
unsafe condition by reducing the pressure. However, the proper failure actions must 
consider the integrated plant; for example, if a gas flow to the process normally 
receiving the liquid could result in a hazardous situation, the valve being adjusted 
by the level controller would be changed to fail-closed. 

The proper failure mode can be ensured through simple mechanical changes to 
the valve, which can be made after installation in the process. Basically, the failure 
mode is determined by the spring that directs the valve position when no external 
air pressure provides a counteracting force. This spring can be arranged to ensure 
either a fully opened or fully closed position. As the air pressure is increased, the 
force on the restraining diaphragm increases, and the valve stem (position) moves 
against the spring. 


The failure mode of the final control element is selected to reduce the possibility of 
injury to personnel and of damage to plant equipment. 


The selection of a failure mode also affects the normal control system, because 
the failure mode is the position of the valve at 0 percent controller output. As 
the controller output increases, a fail-open valve closes and a fail-closed valve 
opens. As a result, the failure mode affects the sign of the process transfer function 
expressed as CV(s)/MV(s), which is the response “seen” by the controller. As a 
consequence, the controller gain used for negative feedback control is influenced 
by the failure mode. If the gain for the process CV(s)/F(s), with F(s) representing 
the flow through the manipulated valve, is K*, the correct sign for the controller 
gain is given by 



Sign off the controller gain 

Failure mode 

considering the failure mode 

Fail closed 

Signup 

Fail open 

-Signup 


This brief introduction to determining sensor ranges, valve sizes, and failure 
modes has covered only a few of the many important issues. These topics and 
many more are covered in depth in many references and instrumentation hand- 





books, which should be used when designing control systems (see references in 
Chapter 1). 
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12.3 Q INPUT PROCESSING 

The general control system, involving the sensor, signal transmission, control cal¬ 
culation, and transmission to the final element, was introduced in Chapter 7. In this 
section, we will look more closely at the processing of the signal from the com¬ 
pletion of transmission to just before the control algorithm. The general objectives 
of this signal processing are to (1) improve reliability by checking signal validity, 
(2) perform calculations that improve the relationship between the signal and the 
actual process variable, and (3) reduce the effects of high-frequency noise. 

Validity Check 

The first step is to make a check of the validity of the signal received from the 
field instrument via transmission. As we recall, the electrical signal is typically 4 
to 20 mA, and if the measured signal is substantially outside the expected range, 
the logical conclusion is that the signal is faulty and should not be used for con¬ 
trol. A faulty signal could be caused by a sensor malfunction, power failure, or 
transmission cable failure. A component in the control system must identify when 
the signal is outside of its allowable range and place the controller in the manual 
mode before the value is used for control. An example is the furnace outlet temper¬ 
ature controller in Figure 12.2. A typical cause of a sensor malfunction is for the 
thermocouple measuring the temperature to break physically, opening the circuit 
and resulting in a signal, after conversion from voltage to current, below 4 mA. 
If this situation were not recognized, the temperature controller would receive a 
measurement equal to the lowest value in the sensor range and, as a result, increase 
the fuel flow to its maximum. This action could result in serious damage to the 
process equipment and possible injury to people. The input check could quickly 
identify the failure and interrupt feedback control. An indication should be given 
to the operators, because the controller mode would be changed without their in¬ 
tervention. Because of the logic required for this function, it is easily provided as 
a preprogrammed feature in many digital control systems, but it is not a standard 
feature in analog control because of its increased cost. 


Conversion for Nonlinearity 

The next step in input processing is to convert the signal to a better measure of the 
actual process variable. Naturally, the physical principles for sensors are chosen 
so that the signal gives a “good” measure of the process variable; however, factors 
such as reliability and cost often lead to sensors that need some compensation. 
An example is a flow meter that measures the pressure drop across an orifice, as 
shown in Figure 12.5. The flow and pressure drop are ideally related according to 
the equation 




FIGURE 12.5 


Flow measurement by sensing the 
pressure difference about an orifice 

in a pipe. 


F = K 


( 12 . 1 ) 
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F = volumetric flow rate 
p = density 

A P = pressure difference across the orifice 
Typically, the sensor measures the pressure drop, so that 

F = 4=V'(5i-5, 0 )(/f.) + Z I (12.2) 

Vp 


with Si = signal from the sensor 

Sio = lowest value of the sensor signal 
R\ = range of the true process variable measured by the sensor 
Zi = value of the true process variable when the sensor records its 
lowest signal (Sio) 
p = constant 

Thus, using the sensor signal directly (i.e., without taking the square root) intro¬ 
duces an error in the control loop. The accuracy would be improved by using the 
square root of the signal, as shown in equation (12.2), for control and also for 
process monitoring. In addition, the accuracy could be improved further for im¬ 
portant flow measurements by automatically correcting for fluid density variations 
as follows: 


(St-SioXfiQ + Z, 
(St — S2 o)(Ri) + Z 2 


(12.3) 


with the subscript 1 for the pressure difference sensor signal and 2 for the density 
sensor signal. By far the most common flow measurement approach used commer¬ 
cially is equation (12.2), with equation (12.3) used only when the accurate flow 
measurement is important enough to justify the added cost of the density analyzer. 

Another common example of sensor nonlinearity is the thermocouple tem¬ 
perature sensor. A thermocouple generates a millivolt signal that depends on the 
temperature difference between the two junctions of the bimetallic circuit. The 
signal transmitted for control is either in millivolts or linearly converted to mil- 
liamps. However, the relationship between millivolts and temperature is not linear. 
Usually, the relationship can be represented by a polynomial or a piecewise linear 
approximation to achieve a more accurate temperature value; the additional cal¬ 
culations are easily programmed as a function in the input processing to achieve a 
more accurate temperature value. 

These orifice flow and thermocouple temperature examples are only a few of 
the important relationships that must be considered in a plantwide control sys¬ 
tem. Naturally, each relationship should be evaluated based on the physics of the 
sensor and the needs of the control system. Standard handbooks and equipment 
supplier manuals provide invaluable information for this analysis. The importance 
of the analysis extends beyond control to monitoring plant performance, which 
depends on accurate measurements to determine material balances, reactor yields, 
energy consumption, and so forth. Thus, many sensor signals are corrected for 
nonlinearities even when they are not used for closed-loop control. 


Engineering Units 

Another potential input calculation expresses the input in engineering units, which 
greatly simplifies the analysis of data by operations personnel. This calculation is 
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possible only in digital systems, as analog systems perform calculations using 
voltage or pressure. Recall that the result of the transmission and any correction 
for nonlinearity in digital systems is a signal in terms of the instrument range input Processing 

expressed as a percent (0 to 100) or a fraction (0 to 1). The variable is expressed 
in engineering units according to the following equation: 

CV = Z + R(S 3 - S 30 ) (12.4) 

with S 3 the signal from the sensor after correction for nonlinearity. 


Filtering 


An important feature in input processing is filtering. The transmitted signal repre¬ 
sents the result of many effects; some of these effects are due to the process, some 
are due to the sensor, and some are due to the transmission. These contributions 
to the signal received by the controller vary over a wide range of frequencies, 
as presented in Figure 12.6. The control calculation should be based on only the 
responses that can be affected by the manipulated variable, because very high- 
frequency components will result in high-frequency variation of the manipulated 
variable, which will not improve and may degrade the performance of the con¬ 
trolled system. 

Some noise components are due to such factors as electrical interference and 
mechanical vibration, which have a much higher frequency than the process re¬ 
sponse. (This distinction may not be so easy to make in controlling machinery 
or other very fast systems.) Other noise components are due to changes such as 
imperfect mixing and variations in process input variables such as flows, temper¬ 
atures, and compositions; some of these variations may be closer to the critical 
frequency of the control loop. Finally, some measurement variations are due to 
changes in flows and compositions that occur at frequencies much below the criti¬ 
cal frequency; the effects of these slow disturbances can be attenuated effectively 
by feedback control. 

The very high-frequency component of the signal cannot be influenced by a 
process control system, and thus is considered “noise”; the goal, therefore, is to 
remove the unwanted components from the signal, as shown in Figures 12.7 and 
12.8. The filter is located in the feedback loop, and dynamics involved with the 
filter, like process dynamics, will influence the stability and control performance 
of the closed-loop system. This statement can be demonstrated by deriving the 
following transfer function, which shows that the filter appears in the characteristic 
equation. 

CV(j) _ G p (s)G v (s)G c (s) 

SP(s) l+G p (5)G v {s)G c (s)G f (s)G s (s) 

If it were possible to separate the signal (“true” process variable) from the noise, the 
perfect filter in Figure 12.8 would transmit the unaltered “true” process variable 
value to the controller and reduce the noise amplitude to zero. In addition, the 
perfect filter would do this without introducing phase lag! Unfortunately, there is 
no clear distinction between the “true” process variable, which can be influenced 
by adjusting the manipulated variable, and the “noise,” which cannot be influenced 
and should be filtered. Also, no filter calculation exists that has the features of a 
perfect filter in Figure 12.8. 


Controllable disturbances 

Uncontrollable disturbances 
Measurement noise 
Electrical interference 


Sampling frequency 


1(T 4 1(T 2 10° 10 2 

Frequency (Hz) 

FIGURE 12.6 

Example frequency ranges for 
components in the measurement 
(Reprinted by permission. Copyright 
©1966, Instrument Society of America. 

From Goff, K., “Dynamics of Direct 
Digital Control, Part I,” ISA J., 13, II, 

45-49.) 
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Block diagram of a feedback loop with a filter on the 
measurement 



FIGURE 12.8 

The amplitude ratio and phase angle of 
a perfect filter, which cannot be 
achieved exactly. 


The filter calculation usually employed in the chemical process industries is 
a first-order transfer lag: 


CVf{s) = —L~CW m (s) 

TfS + 1 

(12.6) 

with CV f(s) = value after the filter 


CV„, (s) = measured value before the filter 


x f = filter time constant 



The gain is unity because the filter should not alter the actual signal at low fre¬ 
quency, including the steady state. The frequency response of the continuous filter 
was derived in Section 4.5, is repeated in the following equations, and is shown in 
Figure 12.9. 


AR = 


(p = tan -1 (-cur/) 


(12.7) 


The filter time constant, tf, is a tuning parameter that is selected to approximate the 
perfect filter shown in Figure 12.8; this goal requires that it be small with respect to 
the dominant process dynamics so that feedback control performance is not signif¬ 
icantly degraded. Also, it should be large with respect to the noise period (inverse 
of frequency) so that noise is attenuated. These two requirements cannot usually be 
satisfied perfectly, because the signal has components of all frequencies and the cut¬ 
off between process and noise is not known. As seen in Figure 12.9, the amplitude 
of high-frequency components decreases as the filter time constant is increased. 
In the example, signal components with a frequency smaller than 0.5/t/ are es¬ 
sentially unaffected by the filter, while components with a much higher frequency 
have their magnitudes reduced substantially. This performance leads to the name 
low-pass filter, which is sometimes used to describe the filter that does not affect 
low frequencies—lets them pass through—while attenuating the high-frequency 
components of a signal. A simple case study has been performed to demonstrate 
the trade-off between filtering and performance. The effect of filtering on a first- 
order-with-dead-time plant is given in Figure 12.10. The controlled-variable per¬ 
formance, measured simply as IAE in this example, degrades as the filter time 
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Bode plot of first-order filter. 


Input Processing 



FIGURE 12.10 


The effect of measurement filtering on feedback control 
performance ( 0/(6 + r) = 0.33). 


constant is increased. The results are given in Figure 12.10, which shows the per¬ 
cent increase in IAE over control without the filter as a function of the filter time 
constant. This case study was calculated for a plant with fraction dead time of 0.33 
under a PI controller with tuning according to the Ciancone correlations. Thus, the 
results are typical but not general; similar trends can be expected for other systems. 
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Based on the goals of filtering, the guidelines in Table 12.2 are recommended 
for reducing the effects of high-frequency noise for a typical situation. These steps 
should be implemented in the order shown until the desired control performance 
is achieved. Normally, step 2 will take priority over step 3, because the controlled- 
variable performance is of greater importance. If reducing the effects of high- 
frequency noise is an overriding concern, the guidelines can be altered accordingly, 
such as achieving step 3 while allowing some degradation of the controlled-variable 
control performance. 

The final issue in filtering relates to digital implementation. A digital filter 
can be developed by first expressing the continuous filter in the time domain as a 
differential equation: 

r / C ^ + CV/( 0 = CV m (/) (12.8) 

leading to the digital form of the first-order filter, 

(CV/)„ = A(CV/)„_i + (1 - A)(CV m )„ with A = e" A ' /r ' (12.9) 

This equation can be derived by solving the differential equation defined by equa¬ 
tion (12.8) and assuming that the measured value (CV m )„ is constant over the filter 
execution period At. The digital filter also has to be initialized when the calcu¬ 
lations are first performed or when the computer is restarted. The typical filter 
initialization sets the initial filtered value to the value of the initial measurement. 

(CV/), =(CV m ), (12.10) 

As is apparent, the first-order filter can be easily implemented in a digital 
computer. However, the digital filter does not give exactly the same results as the 
continuous version, because of the effects of sampling. As discussed in Chapter 11 
on digital control, sampling a continuous signal results in some loss of information. 
Shannon’s theorem shows us that information in the continuous signal at frequen¬ 
cies above about one-half the sample frequency cannot be reconstructed from the 
sampled data. For example, sampled data taken at a period of one minute could not 


TABLE 12.2 

Guidelines for reducing the effects of noise 


Step 

1. Reduce the amplification of 
noise by the control algorithm 

2. Allow only a slight increase 
in the IAE of the controlled 
variable 

3. Reduce the noise effects on 
the manipulated variable 


Action 


Set derivative time to zero 
T d =0 

Select a small filter x fl e.g., 
Tf < 0.05(0 -|- t) 

Select filter time constant 
to eliminate noise, e.g., 
tf > 5/a)„ where a> n is the 
noise frequency 


Justification 

Prevent amplification of 
high-frequency component 
by controller 
Do not allow the filter to 
degrade control 
performance 

Achieve a small amplitude 
ratio for the high-frequency 
components 


be used to determine a sinusoidal variation in the continuous signal with a period of 
one second. As a result, the digital filter cannot attenuate higher-frequency noise. 

This is potentially a serious problem, because very high-frequency noise is 
possible due to mechanical vibrations of the sensor and electrical interference 
in signal transmission, as shown in Figure 12.6. Since a digital filter alone at a 
relatively long period cannot provide adequate filtering, most commercial digital 
control equipment has two filters in series: an analog filter before the analog- 
to-digital (A/D) conversion and an (optional) digital filter after the conversion, as 
shown in Figure 12.11. The purpose of the analog filter is to reduce high-frequency 
components of the signal substantially, and typically, it has a time constant on the 
order of the sample period. The analog filter in this configuration is sometimes 
referred to as an antialiasing filter, since it reduces potential errors resulting from 
slowly sampling a signal with high-frequency components. The digital filter in 
the design, if needed, would be tuned according to the guidelines in Table 12.2 to 
further attenuate variations at higher frequencies. 

There is a tendency to overfilter signals used for control. Thus, the following 
recommendation should be considered: 


Since the filter is a dynamic element in the feedback loop, signals used for control 
should be filtered no more than the minimum required to achieve good control 
performance. 


Not all measurements are used for control; in fact, a rough estimate is that less 
than one-third of the signals transmitted to a central control room are used for 
control. The other signals serve the important purpose of enabling plant personnel 
to monitor the process. For displaying the current status of the process, these 
signals should not be filtered, except for the analog filter before the A/D converter, 
because any filter would delay the information display, which could confuse the 
plant operator. 

Much of this information is also stored for later process analysis. Since high- 
frequency data is usually not required, a typical approach is to store data consisting 
of averages of several samples of the measured variable within meaningful time pe¬ 
riods such as hour, shift (8 hours), day, and week. This data concentration approach 
represents a filter that reduces the effects of high-frequency noise and short-term 


Analog Digital 

filter filter 



CV(f) 

ijMkW 


CV m (f) 


cv m 
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FIGURE 12.11 

Schematic of the effects of analog and digital filters in series. 
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plant variations. Assuming that the values used to calculate the average are taken 
infrequently enough to be independent, the effect of the number of values used in 
the average on the standard deviation is given as 

^aver = (12.11) 

y/n 



with cr a ver = standard deviation of the average 

a m = standard deviation of the individual measurements used in 
calculating the average 

n = number of measurements used to calculate the average 

This filtering is desired for the purpose of long-term process analysis, such as 
detecting slow changes in heat transfer coefficients or catalyst activity, which in 
many cases change slowly over weeks or months. 

EXAMPLE 12.1. 

The measurement of the controlled variable in the three-tank mixer feedback con¬ 
trol system in Example 7.2 is modified to have higher-frequency sensor noise. 
Determine how a filter affects (a) the open-loop response of the controlled vari¬ 
able after the filter and ( b ) the control performance of the feedback system. 
Recall that the feedback process is third-order with all time constants equal to 
5 minutes. 

Typical dynamic data of the controlled variable without control is shown in 
Figure 12.12, along with the responses of the signal after filters with two different 
time constants; the mean values are the same, but the plots are displaced for 
clearer comparison. As expected, the filters reduce the high-frequency variation 
in the unfiltered signal. The other key issue is the effect of the filter on the control 
performance. The dynamic responses of the control system with and without the 
derivative mode for various filter time constants are shown in Figure 12.13a through 
c; in all of these figures, the value of the controlled variable plotted is before the 



FIGURE 12.12 

Open-loop dynamic data for Example 12.1 with rj 
equal to: (a) 0.0; ( b ) 3.0; and (c) 10.0 min. 




filter; thus, this signal is modulated before being used in the controller. The amplifi¬ 
cation of the measurement noise by the derivative mode is apparent by comparing 
Figure 12.13a and Figure 12.13b. In fact, simply eliminating the derivative might 
be sufficient in this case. The addition of the filter further smooths the manipulated 
variable but worsens the performance of the controlled variable. A measure of the 
controlled-variable performance is summarized in Table 12.3, which includes the 
need to change the controller tuning because of the addition of the filter in the 
control loop. The results are in general agreement with the guidelines shown in 
Figure 12.10. 
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TABLE 12.3 

Results from Example 12.1 


K e 

T, 

T d 

T / 

IAE 


30 

11 

0.88 

0 

9.4 

No filter 

30 

11 

0 

0 

9.5 

No filter 

29 

12 

0 

1 

10.3 

Generally acceptable, ry/(0 + r)« 0.066 

26 

14 

0 

3 

12.5 

Generally too much filtering, ry/(0 + t) r* 0.20 

22 

23 

0 

10 

Mmmw 

21.2 

Too much filtering, r//(0 + t) «=* 0.66 


Set-Point Limits 

Often, limits are placed on the set point. Without a limit, the set point can take any 
value in the controlled-variable sensor range. Since the controlled-variable sensor 
range is selected to provide information during upsets and other atypical operations, 
it may include values that are clearly undesirable but not entirely preventable. 
Limits on the set point prevent an incorrect value being introduced (1) inadvertently 
by the operator or (2) by poor control of a primary in a cascade control strategy 
(see Chapter 14). 

12.4 n FEEDBACK CONTROL ALGORITHM 

Many features and options are included in commercial PID control algorithms. In 
this section, some selected features are introduced, because they are either required 
in many systems or are optional features used widely. The features are presented 
according to the mode of the PID controller that each affects. 

Controller Proportional Mode 

Throughout the previous chapters, we have allowed the controller gain to be either 
positive or negative as required to achieve negative feedback. In many control 
systems that use preprogrammed algorithms, the controller gain is required to be 
positive. Naturally, another option must be added; this is a “sense switch” that 
defines the sign of the controller output. The effect of the sense switch is 

MV(r) = (K xnse )K c (s + 1 jf E dt' - T d ^pj + / (12.12) 

The sense switch has two possible positions, which are defined in the following 
table using two common terminologies. 


Value of K x ^ Position Position 


+1 

-1 


Direct-acting Increase/increase 
Reverse-acting Increase/decrease 


This approach is not necessary, but it is used so widely that control engineers 
should be aware of the practice. We will continue to use controller gains of either 
sign in subsequent chapters unless otherwise specified. 

EXAMPLE 12.2. 

What is the correct sense switch position for the temperature feedback controller 
in Figure 12.2? 

Note that the process gain and failure mode of the control valve must be 
known to determine the proper sense of the controller. In this example, the valve 
failure mode is fail-closed. Therefore, an increase in the controller output signal 
results in (1) the valve opening, (2) the fuel flow increasing, (3) the heat transferred 
increasing, and (4) the temperature increasing. The overall process loop gain is 
the product of all gains in the system, which must be positive to provide the desired 
(negative) feedback control. 


Sign(loop gain) = sign(AT„) sign(/sr p ) signiK^K^K, = +1 

The sensor gain is always positive, and when using the convention that the con¬ 
troller gain is positive, the loop gain can be simplified to 


+i 


Sign(loop gain) = sign(AT„) sign(tf p ) sigl f(K s )K. 


= +l 


giving K xme = sign(/sT„) sign(AT p ) 

In this example, tf sense = (+1)(+1) = +1; thus, the sense is direct-acting. 



Another convention in commercial control systems is the use of dimensionless 
controller gains. This is required for analog systems, which perform calculations in 
scaled voltages or pressures, and it is retained in most digital systems. The scaling 
in the calculation is performed according to the following equation: 



(12.13) 


with (K c ) s — dimensionless (scaled) controller gain = ^T c (CV r /MV r ) 

MV r = range of the manipulated variable [100% for a control valve] 
CV r =. range of the sensor measuring the controlled variable 
in engineering units 


The range of values for the unsealed controller gain K c is essentially unlimited, be¬ 
cause the value can be altered by changing the units of the measurement. For exam¬ 
ple, a controller gain of 1.0 (weight%)/(% open) is the same as 1.0 x 10 6 (ppm)/(% 
open). However, the scaled controller gain has a limited range of values, because 
properly designed sensors and final elements have ranges that give good accuracy. 
For example, a very small dimensionless controller gain indicates that the final 
control element would have to be moved very accurately for small changes to 
control the process. In this case, the final element should be changed to one with a 
smaller capacity. A general guideline is that the scaled controller gain should have 
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a value near 1.0. Scaled controller gains outside the range of 0.01 to 10 suggest 
that the range of the sensor or final element may have been improperly selected. 

Some commercial controller algorithms include a slight modification in the 
proportional tuning constant term that does not influence the result of the controller 
calculation. The controller gain is replaced with the term 100/PB, with the symbol 
PB representing the proportional band. 


The proportional band is calculated as PB — 100 /(.K c ) s . Proportional band is 
dimensionless. 


The net PID controller calculation in equation (12.13) is unchanged because the 
controller gain is calculated as (K c ) s = 100 /PB. Thus, the use of gain or propor¬ 
tional band is arbitrary; either gives the same control loop performance. However, 
the engineer must know which convention is used in the controller and enter the 
appropriate value. Note that in fine-tuning, the controller is modified to be less 
aggressive by decreasing the controller gain or increasing the proportional band. 

Integral Mode 

Usually, the tuning constant associated with the integral mode is expressed in 
time units, minutes or seconds. Some commercial systems use a PID algorithm 
that calculates the same output as equation (12.13) but replaces the inverse of the 
integral time with an alternate parameter termed the reset time. 


The reset time is the inverse of the integral time, T R = 1/7). The units for reset time 
are repeats per time unit, e.g., repeats per minute. 


EXAMPLE 12.3. 

For the three-tank mixing process, the concentration sensor has a range of 5%A, 
and the control valve is fail-closed. Determine the dimensionless controller gain, 
proportional band, controller sense, and reset time. 

Recall that the process reaction curve identification and Ciancone tuning were 
applied to determine values for the controller gain in engineering units and the 
integral time, 30 (% opening/%A) and 11 minutes, respectively (see Example 9.2 
for a refresher). Therefore, the dimensionless controller gain and proportional band 
are 


(K c ) s = K c ( CV r /MV r ) = 30(% opening/% A) (5 %A)/(100% open) = 1.5 

PB = lOO/f/Q, = 100/1.5 = 66.6 

The controller sense is determined by 

Ksense = sign(AT„) sign(Kp) = sign (l)sign (0.039) = +1 

Therefore, the controller sense is direct-acting. The reset time is the inverse of the 
integral time, 


T R = \/Ti = 1/11 =0.919 repeats per minute 
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The integral mode is included in the PID controller to eliminate steady-state 
offset for steplike disturbances, which it does satisfactorily as long as it has the 
ability to adjust the final element. If the final element cannot be adjusted because 
it is fully open or fully closed, the control system cannot achieve zero offset. This 
situation is not a deficiency of the control algorithm; it represents a shortcoming 
of the process and control equipment. The condition arises because the equipment 
capacity is not sufficient to compensate for the disturbance, which is presumably 
larger than the disturbances anticipated during the plant design. The fundamental 
solution is to increase the equipment capacity. 

However, when the final element (valve) reaches a limit, an additional diffi¬ 
culty is encountered that is related to the controller algorithm and must be addressed 
with a modification to the algorithm. When the valve cannot be adjusted, the error 
remains nonzero for long periods of time, and the standard PID control algorithm 
[e.g., equation (12.12) or (11.6)] continues to calculate values for the controller 
output. Since the error cannot be reduced to zero, the integral mode integrates 
the error, which is essentially constant, over a long period of time; the result is a 
controller output value with a very large magnitude. Since the final element can 
change only within a restricted range (e.g., 0 to 100% for a valve), these large 
magnitudes for the controller output are meaningless, because they do not affect 
the process, and should be prevented. 

The situation just described is known as reset (integral) windup. Reset windup 
causes very poor control performance when, because of changes in plant operation, 
the controller is again able to adjust the final element and achieve zero offset. 
Suppose that reset windup has caused a very large positive value of the calculated 
controller output because a nonzero value of the error occurred for a long time. To 
reduce the integral term, the error must be negative for a very long time; thus, the 
controller maintains the final element at the limit for a long time simply to reduce 
the (improperly “wound-up”) value of the integral mode. 

The improper calculation can be prevented by many modifications to the stan¬ 
dard PID algorithm that do not affect its good performance during normal cir¬ 
cumstances. These modifications achieve anti-reset windup. The first modification 
explained here is termed external feedback and is offered in many commercial ana¬ 
log and digital algorithms. The external feedback PI controller is shown in Figure 
12.14. The system behaves exactly like the standard algorithm when the limitation 
is not active, as is demonstrated by the following transfer function, which can be 
derived by block diagram manipulation based on Figure 12.14. 


MV*(s) 

E(s) 



(12.14) 
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FIGURE 12.14 


Block diagram of a PI control algorithm 
with external feedback. 


MV*(t) = MV ( 5 ) 


However, the system with external feedback behaves differently from the standard 
PI controller when a limitation is encountered. When a limitation is active in Figure 
12.14, the following transfer function defines the behavior: 


MV*(i) = constant 


MV(j) = K c E(s) + 


MV* (s) 


(12.15) 


7/5 + 1 

with MV*(s) being the upper or lower MV limit. In this case, the controller output 
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approaches a finite, reasonable limiting value of K c E(s)-\- MV* (s). Thus, external 
feedback is successful in providing anti-reset windup. These calculations can be 
implemented in either analog or digital systems. 

The second, alternative anti-reset windup modification can be implemented 
in digital systems. Reset windup can be prevented by using the velocity form of 
the digital PID algorithm, which is repeated here. 

AMV„ = K c [s n - ^ - ^(CV fl -2CV„_| + CV„_ 2 ) 

MV„ = MV„_, + AMV„ 

(12.16) 

This algorithm does not accumulate the integral as long as the past value of the 
manipulated variable, MV„_i, is evaluated after the potential limitation. When 
this convention is observed, any difference between the previously calculated MV 
and the MV actually implemented (final element) is not accumulated. 

Many other methods are employed to prevent reset windup. The two methods 
described here are widely used and representative of the other methods. The key 
point of this discussion is that 

Anti-reset windup should be included in every control algorithm that has integral 
mode, because limitations are encountered, perhaps infrequently, by essentially all 
control strategies due to large changes in operating conditions. 



Reset windup is relatively simple to recognize and correct for a single-loop 
controller outputting to a valve, but it takes on increasing importance in more 
complex control strategies such as cascade and variable-structure systems, which 
are covered later in this book. Also, the general issue of reset windup exists for any 
controller that provides zero offset when no limitations exist. For example, reset 
windup is addressed again when the predictive control algorithms are covered in 
Chapter 19. 

EXAMPLE 12.4. 

The three-tank mixing process in Examples 7.2 and 9.2 initially is operating in the 
normal range. At a time of about 20 minutes, it experiences a large increase in 
the inlet concentration that causes the control valve to close and thus reach a 
limit. After about 140 minutes, the inlet concentration returns to its original value. 
Determine the dynamic responses of the feedback control system with and without 
anti-reset windup. 

The results of simulations are presented in Figure 12.15a and b. In Figure 
12.15a the dynamic response of the system without anti-reset windup is shown. 
As usual, the set point, controlled variable, and manipulated variable are plotted. 
In addition, the calculated controller output is plotted for assistance in analysis, 
although this variable is not normally retained for display in a control system. After 
the initial disturbance, the valve position is quickly reduced to 0 percent open. 
Note that the calculated controller output continues to decrease, although it has 
no additional effect on the valve. During the time from 20 to 160 minutes, the 
controlled variable does not return to its set point because of the limitation in 
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(b) 

FIGURE 12.15 

Dynamic response of the three-tank mixing system: 
(a) without anti-reset windup; (6) with anti-reset windup. 
Note that C \{t) = jca 3 and MV(<) is the controller output. 


the range of the manipulated variable. When the inlet concentration returns to its 
normal value, the outlet concentration initially falls below its set point. The controller 
detects this situation immediately, but it cannot adjust the valve until the calculated 
controller output increases to the value of zero. This delay, which would be longer 
had the initial disturbance been longer, is the cause of a rather large disturbance. 
Finally, the PI controller returns the controlled variable to its set point, since the 
manipulated variable is no longer limited. 
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The case with anti-reset windup is shown in Figure 12.155. The initial part 
of the process response is the same. However, the calculated controller output 
does not fall below the value of 0 percent; in fact, it remains essentially equal to 
the true valve position. When the inlet concentration returns to its normal value, 
the controller output is at zero percent and can rapidly respond to the new oper¬ 
ating conditions. The second disturbance is much smaller than in Figure 12.15a, 
showing the advantage of anti-reset windup. 


Derivative Mode 


An additional modification of the PID algorithm addresses the effect of noise on 
the derivative mode. It is clear that the derivative mode will amplify high-frequency 
noise present in the measured controlled variable. This effect can be reduced by 
decreasing the derivative time, perhaps to zero. Unfortunately, this step also reduces 
or eliminates the advantage of the derivative mode. A compromise is to filter the 
derivative mode by using the following equation: 


TdS_ 

a d T d s + 1 


(12.17) 


The result of this modification is to reduce the amplification of noise while retain¬ 
ing some of the good control performance possible with the derivative mode. As 
the factor a d is increased from 0 to 1, the noise amplification is decreased, but the 
improvement in control performance due to the derivative mode decreases. This 
parameter has typical values of 0.1 to 0.2 and is not normally tuned by the engineer 
for each individual control loop. Since the PID control algorithm has been changed 
when equation (12.17) is used for the derivative mode, the controller tuning values 
must be changed, with the Ciancone correlations no longer being strictly applica¬ 
ble. Tuning correlations for the PID controller with a d = 0.1 are given by Fertile 
(1974). 


Initialization 

The PID controller requires special calculations for initialization. The specific ini¬ 
tialization required depends upon the particular form of the PID control algorithm; 
typical initialization for the standard digital PID algorithm is as follows: 

AMV„ = K c [e„ - ^ - |y(CV„ - 2CV„_i + CV„_ 2 )J 

MV„ = MV„_, + AMV„ 

MV i = MVo that is, AMV i = 0 for n = 1 for initialization 
E n - 1 = E„ for n = 1 

( 12 . 18 ) 

CV„- 2 = C V„_, = CV„ for n = 1 

This initialization strategy ensures that no large initial change in the manipulated 
variable will result from outdated past values of the error or controlled variables. 
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The standard PID controller has no limits on output values, nor does it have special 
considerations when the algorithm is first used, as when the controller is switched 
from manual to automatic. As already described, the calculated controller output 
is initialized so that the actual valve position does not immediately change on 
account of the change in controller mode. 

In addition to initialization, the PID algorithm can be modified to limit selected 
variables. The most common limitation is on the manipulated variable, as is done 
when certain ranges of the manipulated variable are not acceptable. Thus, the ma¬ 
nipulated variable is maintained within a restricted range less than 0 to 100 percent. 

MV min < MV(t) < MV max (12.19) 

An example of limiting the manipulated variable is the damper (i.e., valve), 
position in the stack of a fired heater as shown in Figure 12.2. The stack damper is 
adjusted to control the pressure of the combustion chamber. Since the stack is the 
only means for the combustion product gases to leave the combustion chamber, 
it should not be entirely blocked by a closed valve. However, the control system 
could attempt to close the damper completely due to a faulty pressure measurement 
or poor controller tuning. In this case, it is common to limit the controller output to 
prevent a blockage in the range of 0 to 80 percent (not 20 to 100 percent, because 
the damper is fail-open, so that a signal of 100 percent would close the valve). 

Sometimes the rate of change of the manipulated variable is limited using the 
following expression: 

( AMV \ 

AMV„ = min(|AMV|, AMV max ) ^ J 02.20) 

This modification is appropriate when a rapid adjustment of the manipulated vari¬ 
able can disturb the operation of a process. 

12.6 s CONCLUSIONS 

Clearly, the simple, single PID equation, while performing well under limited con¬ 
ditions, is not sufficient to provide feedback control under the various conditions 
experienced in realistic plant operation. Some of the most important modifications 
have been presented in this chapter, and many more modifications are described 
in publications noted in the references and additional resources. 

To complete this chapter, the flowchart for a PID controller that includes 
the modifications described in this chapter is given in Figure 12.16. The added 
complexity is apparent. However, the computations are readily packaged in pre¬ 
programmed algorithms and performed rapidly by powerful microprocessor-based 
instrumentation. A wise and productive engineer uses these programs and does not 
attempt to develop all real-time calculations from scratch, although doing limited 
algorithm programming is a useful learning exercise for the student. 
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For a concise description of many PID controller enhancements in analog and 
digital form, see 

Clark, D., “PID Algorithms and Their Computer Implementation,” Trans. Inst. 
Meas. and Cont., 6, 6, 305-316 (1984). 



Questions 


QUESTIONS 


12.1. Many filtering algorithms are possible. For each of the algorithms suggested 
below, describe its open-loop frequency response and sketch its Bode plot. 
Also, discuss its advantages and disadvantages as a filter in a closed-loop 
feedback control system. 


x 2 s 2 + 0 . 4 ts + 1 


(i b) 

(c) 

(d) 


1 


with n = positive integer 


(r s + 1)" 

Averaging filter with m values in average 
, _ CV„ + CV„_, + • • • + CV„_ m+1 

vV * f)n — 

0.707 


m 


XfS + 1 


12.2. Answer the questions in Table Q12.2 for each PID controller mode or tuning 
constant associated with each mode. Explain every entry completely, giving 
theoretical justification as well as the brief answer indicated. Answer this 
question on the basis of a commercial control system in which all control 
calculations are performed in scaled variables. 


12.3. You have been given three control systems to analyze. Each has the dimen¬ 
sionless controller gain given below. From this information alone, what can 
you determine about each control system? (K c ) s = (a) 0.02, (b) 0.75, and 
(c) 123.00. 


12.4. The control systems with the processes given below are to be tuned (1) 
without a filter and with a first-order filter with (2) Xf = 0.5 min and (3) 
Xf = 3.0 min. Determine the PI tuning constants for all three cases using 
the Bode stability analysis and Ziegler-Nichols correlations. Also, state 
whether you expect the control performance, as measured by IAE, to be 
better or worse with the filter (after retuning). Why? 

(a) The empirical model derived in question 6.1 for the fired heater. 

(b) The empirical model for the packed-bed reactor in Figure 6.3 from the 
data in Figure Q6.4c. 

(c) The linearized, analytical model for the stirred-tank heater in Example 
8.5. 


12.5. For the process in Figure 2.2, answer the following questions. 

(a) Determine the proper failure modes for all valves. Also, give the proper 
controller sense for each controller, assuming that commercial con¬ 
trollers are being used (K c > 0). 
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TABLE Q12.2 



P 

1 

D 

(a) Which modes eliminate offset? 




( b) Describe the speed of response for an 
upset (fastest, middle, slowest). 




(c) Compare the propagation of high- 
frequency noise from controlled to 
manipulated variable (most, middle, least). 




(d) As process dead time increases (with 

9 + x constant), the tuning constant 
(increases, decreases, unchanged)? 




(e) Does the mode cause windup (Y, N)? 




(f) Should tuning constant be changed when 
filter is added to loop (Y, N)? 




(g) Is tuning constant affected by limits on 
the manipulated variable (Y, N)? 




( h ) Should tuning constant be altered if the 
sensor range is changed (Y, N)? 




(/) Does tuning constant depend on the 
failure mode of the final element (Y, N)? 




(/) Does tuning constant depend on the 
linearization performed in the input 
processing (Y, N)? 




(/c) Should tuning constant be altered if the 
final element capacity is changed (Y, N)? 




(/) Should tuning constant be changed if 
the digital controller execution period is 
changed (Y, N)? 





(,b) What type of input processing would be appropriate for each measure¬ 
ment? Why? 

(c) The following alterations are made after the process has been operating 
successfully. Determine any other changes that must be made as a 
consequence of each alteration. Your answers should be as specific 
and quantitative as possible. (1) The control valve for a steam heat 
exchanger is increased to accommodate a flow 50 percent greater than 
the original. (2) The failure mode of the control valve in the liquid 


product stream changed from fail-open to fail-closed. (3) The range of 
the temperature sensor is changed from 50-100°C to 75-125°C. 


12 . 6 . Answer questions 12.5 (a) and (b) for the CSTR in Figure 2.14. 

12 . 7 . Answer questions 12.5 (a) and (b) for the boiler oxygen control in Figure 

2 . 6 . 

12.8. In the discussion on external feedback, equations (12.14) and (12.15) were 
given to prove that reset windup would not occur. 

(a) Derive these equations based on the block diagram and explain why 
reset windup does not occur. 

( b ) Prepare the equations in their proper sequence for the digital imple¬ 
mentation of external feedback. 

12 . 9 . An alternative anti-reset windup method is to use logic to prevent “inappro¬ 
priate” integral action. This logic is based on the status of the manipulated 
variable. Develop a flowchart or logic table for this type of anti-reset windup 
and explain how it would work. 

12 . 10 . The goal of initializing the PID controller is to prevent a “bump” when the 
mode is changed and to prepare the controller for future calculations. De¬ 
termine the proper initialization for the full-position digital PID controller 
algorithm in equation (11.6) and explain each step. 

12 . 11 . A process uses infrequent laboratory analyses for control. The period of the 
analyses is much longer than the dynamics of the process. Due to the lack 
of accuracy in the laboratory method, the reported value has a relatively 
large standard deviation, resulting in noise in the feedback loop. Describe 
steps you would take to reduce this noise by a factor of 2. (For the purposes 
of this problem, you may not change the frequency for collecting one or a 
group of samples from the process.) 

12 . 12 . A signal to a digital controller has considerable high-frequency noise in 
spite of the analog filter before the A/D converter. The controller is being 
executed according to the rule that At/(6 + r) = 0.05, and the manipulated 
variable has too large a standard deviation. Explain what steps you would 
take in the digital PID control system to reduce the effects of noise on 
the manipulated variable and yet to have minimal effect on the control 
performance as measured by IAE of the controlled variable. 

12.13. Answer the following questions regarding filtering. 

(a) Confirm the transfer function in equation (12.5). 

( b ) The equation for the digital first-order filter is presented in equation 
(12.9). Confirm this equation by deriving it from equation (12.8). 

(c) Discuss the behavior of a low-pass filter and give examples of its use 
in process control. 

( d ) A high-pass filter attenuates the low-frequency components. Describe 
an algorithm for a high-pass filter and give examples of its use. 

12 . 14 . Consider an idealized case in which process data consists of a constant true 
signal plus purely random (white) noise with a mean of 0 and a standard 
deviation of 0.30. 
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(a) Determine the value of the parameter A in the digital filter equation 
(12.9) that reduces the standard deviation of the filtered value to 0.1. 
You might have to build a simulation in a spreadsheet with several 
hundred executions and try several values of A. 

(b) Determine the number of duplicate samples of the variable to be taken 
every execution so that the average of these values will have a standard 
deviation of 0.10. 

12.15. Consider the situation in which the measured controlled variable consisted 
of nearly all noise, with very infrequent changes in the true process variable 
due to slowly varying disturbances. Suggest a feedback control approach, 
not a PID algorithm, that would reduce unnecessary adjustments of the 
manipulated variable. 

12.16. Many changes have been proposed to the standard digital PID controller, 
and we have considered several, such as the derivative on measured vari¬ 
able rather than error. For each of the following proposed modifications 
in the PID algorithm, suggest a reason for the modification (that is, what 
possible benefit it would offer and under what circumstances) and any 
disadvantages. 

(a) The proportional mode is calculated using the measured variables 
rather than the error. 

At n T 

MV„ = K c CV„ + — y>P, - CV,) - —^(CV„ - CV„_i) + I 

Tl fco At J 

( b ) The controller gain is nonlinear; for example, 

For (SP„ - CV„) >0 K c = K' 

For (SP„ - CV„) <0 K C = K' + K" |SP„ - CV„ | 

(c) The rate of change of the manipulated variable is limited, |AMV| < 
max. 

(i d ) The allowable set point is limited, SP m j„ < SP < SP ra ax* 
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13.1 0 INTRODUCTION 

As we have learned, feedback control has some very good features and can be 
applied to many processes using control algorithms like the PID controller. We 
certainly anticipate that a process with feedback control will perform better than 
one without feedback control, but how well do feedback systems perform? There 
are both theoretical and practical reasons for investigating control performance at 
this point in the book. First, engineers should be able to predict the performance 
of control systems to ensure that all essential objectives, especially safety but also 
product quality and profitability, are satisfied. Second, performance estimates can 
be used to evaluate potential investments associated with control. Only those con¬ 
trol strategies or process changes that provide sufficient benefits beyond their costs, 
as predicted by quantitative calculations, should be implemented. Third, an engi¬ 
neer should have a clear understanding of how key aspects of process design and 
control algorithms contribute to good (or poor) performance. This understanding 
will be helpful in designing process equipment, selecting operating conditions, and 
choosing control algorithms. Finally, after understanding the strengths and weak¬ 
nesses of feedback control, it will be possible to enhance the control approaches 
introduced to this point in the book to achieve even better performance. In fact. 
Part IV of this book presents enhancements that overcome some of the limitations 
covered in this chapter. 

Two quantitative methods for evaluating closed-loop control performance are 
presented in this chapter. The first is frequency response, which determines the 
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response of important variables in the control system to sine forcing of either the 
disturbance or the set point. Frequency response is particularly effective in de¬ 
termining and displaying the influence of the frequency of an input variable on 
control performance. The second quantitative method is simulation, involving nu¬ 
merical solution of the equations defining all elements in the system. This method 
is effective in giving the entire transient response for important changes in the 
forcing functions, which can be any general function. Both of these methods re¬ 
quire computations that are easily defined but very time-consuming to perform by 
hand. Fortunately, the calculations can be programmed using simple concepts and 
executed in a short time using digital computers. 

After the two methods have been explained and demonstrated, they are em¬ 
ployed to develop further understanding of the factors influencing control per¬ 
formance. First, a useful performance bound is provided that defines the best 
performance possible through feedback control. Then, important effects of ele¬ 
ments in the feedback system are analyzed. In one section the effects of feedback 
and disturbance dynamics on performance are clarified. In another section the 
effects of control elements, both physical equipment and algorithms, on control 
performance are evaluated. The chapter concludes with a table that summarizes 
the salient effects of control loop elements on control performance. 

13.2 □ CONTROL PERFORMANCE 

Many measures of control performance are possible, and each is appropriate in 
particular circumstances. The important measures are listed here, and the reader 
is referred to Chapter 7 to review their meanings. 

• Integral error (LAE, ISE, etc.) 

• Maximum deviation of controlled variable 

• Maximum overshoot of manipulated variable 

• Decay ratio 

• Rise time 

• Settling time 

• Standard deviation of controlled and manipulated variables 

• Magnitude of the controlled variable in response to a sine disturbance 

Two additional factors should be achieved for control performance to be ac¬ 
ceptable; generally, they are not difficult to achieve but are included here for com¬ 
pleteness of presentation. The first is zero steady-state offset of the controlled 
variable from the set point for steplike input changes. For nearly all control sys¬ 
tems, zero offset is a desirable feature, and control systems must use a controller 
with an integral mode to achieve this objective. An important exception where zero 
offset is not required occurs with some level controllers. Level control is addressed 
in Chapter 18, where different control performance criteria from those used in this 
chapter are introduced. 

The second factor is stability. Clearly, we want every control system to be sta¬ 
ble; therefore, control algorithms and tuning constants are selected to give stable 
performance over a range of operating conditions. It is very important to recog¬ 
nize that stability places a limit on the maximum controller gain and, in a sense, 
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the control system performance. Without this limit, proportional-only controllers 
with very high gains might provide tight control of the controlled variable in many 
applications. 


Control Performance 


In this chapter we will confine our discussion to control systems that require zero 
offset and to controller tuning constant values that provide good performance over 
a reasonable range of operating conditions. 


Also, we recognize that no general boundary exists between good and poor 
process performance. A maximum controlled-variable deviation of 5°C may be 
totally unacceptable in one case and result in essentially no detriment to operation 
in another case. In this chapter we identify the key factors influencing control per¬ 
formance and develop quantitative methods for predicting performance measures 
that can be applied to a wide range of processes; the desired value or limit for each 
measure will depend on the particular process being considered. In evaluating 
control performance, we will use the following definition. 


Control performance is the ability of a control system to achieve the desired dy¬ 
namic responses, as indicated by the control performance measures, over an expected 
range of operating conditions. 


This definition of performance includes both set point changes and disturbances. 
The phrase “over an expected range of operating conditions” refers to the fact 
that we never have perfect information on the process dynamics or disturbances. 
Differences between model and plant are inevitable, whether the models were 
derived analytically from first principles or were developed from empirical data 
such as the process reaction curve. In addition, differences occur because the 
plant dynamics change with process operating conditions (e.g., feed flow rate and 
catalyst activity). Since any model we use has some error, the control system 
must function “well” over an expected range of errors between the real plant and 
our expectation, or model, of the plant. The expected range of conditions can be 
estimated from our knowledge of the manner in which the plant is being operated 
(values of feed flow, reactor conversion, and so forth). 

The ability of a control system to function as the plant dynamics change is 
sometimes referred to as robust control. However, throughout this book we will 
consider performance to include this factor implicitly without expressly including 
the word robust every time. To reiterate, we must always consider our lack of perfect 
models and changing process dynamics when analyzing control performance. 

It is important to emphasize that the performance of a control system depends 
on all elements of the system: the process, the sensor, the final element, and the 
controller. Thus, all elements are included in the quantitative methods described 
in the next two sections, and important effects of these elements on performance 
are explored further in subsequent sections. 
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Continuously operating plants experience frequent, essentially continuous, dis¬ 
turbances, so predicting the control system performance for this situation is very 
important. The approach introduced here is very general and can be applied to any 
linear plant, not just first-order-with-dead-time, and any linear control algorithm. 
Also, it provides great insight into the influence of the frequency of the input (set 
point and disturbance) changes on the effectiveness of feedback control. 

The approach is based on the frequency response methods introduced in pre¬ 
vious chapters. Frequency response calculates the system output in response to a 
sine input; we will use this approach in evaluating control system performance by 
assuming that the input variable—set point change or disturbance—is a sine func¬ 
tion. While this is never exactly true, often the disturbance is periodic and behaves 
approximately like a sine. Also, a more complex disturbance can often be well 
represented by a combination of sines (e.g., Kraniauskas, 1992); thus, frequency 
response gives insight into how various frequency components in a more complex 
input affect performance. 

The control performance measure in this section is the amplitude ratio of the 
controlled variable, which can be considered the deviation from set point because 
the transfer function equations are in deviation variables. The frequency response 
of a stable, linear control system can be calculated by replacing the Laplace variable 
s with ja) in its transfer function. The resulting expressions describe the amplitude 
ratio and phase angle of the controlled variable after a long enough time that the 
nonperiodic contribution to the solution is negligible. The control system in Figure 
13.1 is the basis for the analysis, and this system has the following transfer function 
in response to a disturbance: 


CV(5) 


GAs) 


(13.1) 


D(s) 1 + G p (s)G v (s)GAs)G s (s) 

It is helpful to consider the amplitude ratio of the controlled variable to the 
disturbance in equation (13.1), which can be expressed as the product of two 
factors: 


|CVQ'<u)| 

\D(jo>)\ 


\Gd{j(o)\ 


_ 1 _ 

1 + G p (j(o)GAj(o)G c Uo))GAj(o ) 


(13.2) 


SP(s) 



FIGURE 13.1 

Block diagram of feedback control system. 
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The first factor of the amplitude ratio is the numerator, which contains the open- 
loop process disturbance model. The second factor is the contribution from the 
feedback control system. The frequency responses of the factors are given in Figure 
13.2a and b and are referred to in analyzing the frequency response of the closed- 
loop system. The results in Figure 13.2 are for the (arbitrary) system 


l.Oe -15 * 

Gp(s)G v (s')G s (s) = j 



_ 0.48 


When interpreting these plots, it is helpful to remember that (unachievable) 
perfect control would result in no controlled-variable deviation for all frequencies; 
in other words, the output (CV) amplitude would be zero for all frequencies. The 
closed-loop system is first considered at limits of very low and very high frequency. 
This analysis makes use of equation (13.2) and Figure 13.2a and b. For disturbances 
with a very low frequency, the first factor (i.e., the process through which the 
disturbance travels) does not attenuate the disturbance; thus, its magnitude is large. 
(The disturbance dynamics are assumed similar to the feedback dynamics for 
this example.) However, the relatively fast feedback control loop will effectively 
attenuate a disturbance in this frequency range; thus, the magnitude of the feedback 
factor is small. The control system response is the product of the two magnitudes; 
therefore, the control system provides good performance at input frequencies much 
lower than the critical frequency, because of feedback control. Note that the integral 
mode of the PI controller is especially effective in rejecting slow disturbances and 
that in general, feedback control systems provide good control performance at very 
low disturbance frequencies. 

For disturbances at the other extreme of very high frequency, the feedback 
controller is not effective, because the disturbance is faster than the control loop 
can respond. In this case the magnitude of the second factor is nearly 1. However, 


Control Performance 
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Frequency Response 




FIGURE 13.2 

Amplitude ratios in equation (13.2): {a) numerator; (b) denominator. 
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the disturbance process, as long as it consists of first- or higher-order time constants 
(and not simply gains and dead times), filters the high-frequency disturbance. This 
filter results in a small magnitude of \Gd{jcS)\, reducing the magnitude of the 
controlled variable substantially. Therefore, the feedback control system provides 
good control performance for very high frequencies as well. Note that the good 
performance is not due to feedback control but rather to the disturbance time 
constant(s), which in this range is much larger than the disturbance period (i.e., 

1 A</ <£ o>d)- 

For intermediate frequencies, a harmonic or resonant peak occurs. This peak 
represents the most difficult frequencies for the feedback control system. In fact, for 
some systems the control system can perform worse than the same plant without 
control, indicating that disturbances can be slightly amplified by the feedback 
control loop around the harmonic frequency. 

The general shape of the closed-loop frequency response to a disturbance 
for most feedback controller systems is similar to the curve in Figure 13.3. It is 
important that the engineer understand the reasons for the behavior in the low-, 
intermediate-, and high-frequency regions. Many disturbances in process plants 
have low frequencies, because they result from the changing operation of slowly re¬ 
sponding systems such as the composition of flows from large upstream feed tanks. 
Many very fast disturbances occur due to imperfect mixing and high-frequency 
pressure disturbances. For both disturbances, feedback control performance tends 
to be good. However, many disturbances also occur around the critical frequency 


Input 

DO) 



Output 

CV(0 


w 




vw 



Frequency, to 


FIGURE 13.3 


Frequency response of feedback-controlled variable to disturbance. 




of a feedback loop, because oscillations caused by an integrated process under 
feedback control tend to be in the same frequency range. 


Disturbances around the closed-loop resonant frequency are essentially uncontrol¬ 
lable with any single-loop feedback controller, and therefore such disturbances 
should be prevented by changes to the process design or attenuated using enhance¬ 
ments discussed in Part IV. 
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EXAMPLE 13.1. 

The plants presented in Figure 13.4 are subject to periodic disturbances. All plants 
have the same equipment structure, but they have different equipment sizes. They 
can all be modelled as first-order-with-dead-time processes, and the dynamics of 
the sensor and valve are negligible. Determine the control performance in re¬ 
sponse to a disturbance (D) possible with the four designs and rank them ac¬ 
cording to the amplitude ratios achieved by PI controllers. 

The solution to the example involves calculating the closed-loop frequency 
response for each case. The calculations are based on equation (13.2), with the 
appropriate transfer functions for the individual elements—in this case, a first- 
order-with-dead-time process, a first-order disturbance, and a PI controller. The 
calculation of the amplitude ratio follows the same procedure used in Chapter 
10, where s is replaced by jco in the transfer function; then the magnitude of the 
complex expression is determined. The results of the algebraic manipulations for 
this example are given in equation (13.3); recall that the frequency response could 
also be evaluated using computer methods not requiring these extensive algebraic 
manipulations. 

Amplitude ratio = \G d (jw)\ * (13.3) 

1 + G c (jco)G p (jco) 



FIGURE 13.4 

Schematic of process with model parameters for 

Example 13.1. 
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where 


\GAjco)\ =-& 


yj 1 + 


1 


with Kj — 1 

y/iACTJDW+iBCTAW 

C 2 + D 2 


1 + G c (jw)Gp(jw) 

A = -TiZpCO 2 B = T/cd 
C = K p K c [cos(-G<o) - T,(o sin (~9co)] - T,r p co 2 
D = Kp£ c [sin ( -Gw ) + 7/gjcos (~9co)] + T/od 


In each case, the PI controller has to be tuned; the tuning for this example is 
given below based on the Ciancone correlations in Figure 9.9a and b. 


Case 

e/{9 + r) 

K c K p 

T,/(6 + t) 

K c 

T, 

A 

0.5 

0.85 

0.75 

0.85 

1.5 

B 

0.5 

0.85 

0.75 

0.85 

6.0 

C 

0.25 

1.70 

0.65 

1.70 

1.3 

D 

0.25 

1.70 

0.65 

17.0 

1.3 


The best control performance has the smallest amplitude ratio (i.e., the smallest 
deviation from set point). These calculations have been performed, and the results 
are given in Figure 13.5, which shows that the best performance is possible with 
designs C and D. The next best is case A, and the worst is case B. 

Since the disturbance transfer function is the same for all cases, the processes 
with the longest dead time and the longest dead time plus time constant in the 
feedback path are more difficult to control; this explains why case B has the poorest 



Closed-loop frequency responses for the cases in 
Example 13.1. 



performance and why case A is not as good as C and D. Note that processes C and 
D have the same dynamics and differ only in their gains. Thus, the controller gain 
can be selected to achieve the same K P K C and the same control performance. 
(This result assumes that the manipulated variable can be adjusted over a larger 
range for the process with the smaller process gain.) In addition to finding the best 
process, we have identified a region of disturbance frequency for which feedback 
control will not function well. Process changes or control enhancements would 
be in order if disturbances with large magnitudes were expected to occur in this 
frequency range. 
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EXAMPLE 13.2. 

Normal plant disturbances have many causes with different frequencies. This ex¬ 
ample presents a simple case of two disturbances. As depicted in Figure 13.6, 
the input disturbance is the sum of two sine waves that have the same phase and 
have the amplitudes and frequencies given in the following table. The input dis¬ 
turbances are not measured, but sample open-loop dynamic data of the output 
variable [i.e., G ri (s)D(.s)] are given in Figure 13.7a. What is the magnitude of the 
sine wave of the controlled variable when PI feedback control is implemented for 
the same disturbance? 



Input No. 1 

Input No. 2 

Frequency (rad/min) 

0.010 

0.20 

Amplitude 

1.0 

0.50 



The first step in the solution is to calculate the closed-loop frequency response 
for this process with PI control. The process is first-order-with-dead-time, and the 
calculations employ equation (13.3) with the following parameters: 

K p = 1.0 r = 2.0 9 = 1.0 G d (s) = 1 

K c = 1.0 T, = 2.0 

The amplitude ratio of each input considered individually can be determined as 



Schematic showing the system and disturbances considered in Example 13.2. 
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(a) 



(b) 

FIGURE 13.7 

Results for Example 13.2: (a) disturbance without control; 
(6) closed-loop dynamic response with PI control. 


shown in Figure 13.8. The lower-frequency disturbance (input no. 1) has a very 
small amplitude ratio. Thus, the control performance for this part of the disturbance 
is good. The amplitude ratio for the higher-frequency input (input no. 2) is not small 
and is about 0.50, because it is in the region of the resonant frequency. Therefore, 
input No. 2 contributes most of the deviation for the closed-loop feedback control 
system. 

This analysis can be compared with the dynamic response of the closed-loop 
control system with the two sine disturbances given in Figure 13.7b. The response 
shows almost no effect of the slow sine disturbance and a significant effect from 
the faster sine disturbance. The magnitude of the closed-loop simulation, about 
0.25, is the same as the prediction from the frequency response analysis, 0.5 x 0.5. 
We can conclude from this example that the frequency response method provides 
valuable insight into which disturbance frequencies will and will not be attenuated 
significantly by feedback control. 
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FIGURE 13.8 

Closed-loop amplitude ratio for Example 13.2. 


Control Performance 
via Closed-Loop 
Frequency Response 


Most process control systems are primarily for disturbance response, but some 
have frequent changes to their set points. The frequency response approach devel¬ 
oped for disturbance performance analysis can be extended to set point response 
to determine how well the control system can follow, or track, its set point. The 
following transfer function relates the controlled variable to the set point for the 
system in Figure 13.1: 

CV(s) _ G p (s)G v (s)G c (s) 

SP is) 1 + G p(s)G v (s)G e (s)G s (s) C * 

The amplitude ratio of this transfer function can be calculated using standard pro¬ 
cedures (setting s = ja>) and plotted versus frequency of the set point variation. 
Perfect control would maintain the controlled variable exactly equal to the set 
point; in other words, the amplitude ratio would be equal to one (1.0) for all fre¬ 
quencies. Very good control performance is achieved for very low frequencies, 
when the feedback control system has time to respond to slow set point change. As 
the frequency increases, the control performance becomes poorer, because the set 
point variations become too fast for the feedback control system to track closely. 
Again, a resonant peak can occur at intermediate frequencies. 


EXAMPLE 13.3. 

Calculate the set point frequency response for the plant in Example 13.1, case C. 

The transfer functions of the process and controller are given in Example 13.1. 
The result of calculating the amplitude ratio of equation (13.4) is given in Figure 
13.9. As shown in the figure, the control system would provide good set point 
tracking (i.e., an amplitude ratio close to 1.0) for a large range of frequencies. 
The frequency range for which the amplitude ratio responds satisfactorily is often 
referred to as the system bandwidth; taking a typical criterion that the amplitude 
ratio of 1.0 to 0.707 is acceptable, the bandwidth of this system is frequencies 
from 0.0 to about 3 rad/time. 
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Frequency, co 


FIGURE 13.9 


Closed-loop frequency response for the set point response in 
Example 13 3. 


The calculation of the frequency response for the closed-loop system is per¬ 
formed by applying the same principles as for open-loop systems. However, the 
calculations are much more complex. The frequency response for closed-loop sys¬ 
tems requires that the transfer function be solved for the magnitude, and the results 
must be derived for each system individually, as was done analytically in equation 
(13.3). Clearly, this amount of analytical manipulation could inhibit the application 
of the frequency response technique. 

In the past, graphical correlations have been used to facilitate the calcula¬ 
tions for a limited number of process and controller structures. The Nichols charts 
(Edgar and Hougen, 1981) are an example of a graphical correlation approach to 
calculate the closed-loop from the open-loop frequency response. These charts are 
not included in this book because closed-loop calculations are not now performed 
by hand. 

Since the advent of inexpensive digital computers, the calculations have been 
performed with the assistance of digital computer programs. Most higher-level 
languages (e.g., FORTRAN) provide the option for defining variables as complex 
and solving for the real and imaginary parts; thus, the computer programming is 
straightforward, basically programming equation (13.2) with complex variables. 
An extension to the programming approach is to use one of many software packages 
that are designed for control system analysis, such as MATLAB™. An example 
of a simple MATLAB program to calculate the frequency response in Figure 13.9 
is given in Table 13.1. For simple models, the approach in Example 13.1 can be 
used, but computer methods are recommended over algebraic manipulation for 
closed-loop frequency response calculations. 

The frequency response approach presented in this section is a powerful, 
general method for predicting control system performance. The method can be 
applied to any stable, linear system for which the input can be characterized by a 




TABLE 13.1 
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Example MATLAB™ program to calculate a closed-loop frequency 
response 


% ** EXAMPLE 13.3 FREQUENCY RESPONSE *** 

% this MATLAB M-file calculates and plots for Example 13.3 
% ********************************************* 

% parameters in the linear model 
% ********************************************* 


kp a 1.0 ; taup = 1.5 ; thetap = 0.5; 
kc = 1.7 ; ti = 1.3; 

% ********************************************* 

% simulation parameters 

% • k-k'k'kieit'k'k’kitielck’k'k'k-k-k'k'k'k'k’k'k'k-k'k'kieiclr'k'k'kic'k'kltit'k'k’kit'k'k 

wstart = .0001 ; % the smallest frequency 

wend = 100 ; % the highest frequency 

wtimes =800 ; % number of points in frequency range 

omega = logspace ( loglO(wstart), loglO(wend), wtimes); 
jj = sqrt(-l) ; % define the complex variable 

% ********************************************* 

% put calculations here 

% ********************************************* 
for kk = 1:wtimes 

s = jj*omega(kk) ; 

Gp(kk) = kp * exp (- thetap * s) /( ( taup*s +1)) ; 
Gc(kk) = kc*(l + 1/ (ti * s) ) ; 

G (kk) = Gc(kk)*Gp(kk)/(1 + Gc(kk)*Gp(kk)); 

AR (kk) = abs (G (kk) ) ; 
end % for cnt 


^ ************************************************** 
% plot the results in Bode plot 
% ************************************************** 


loglog( omega, AR) 
axis ([-42-21]) 
xlabel ('frequency, rad/time ') 
ylabel ('amplitude ratio') 
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dominant sine. The calculations of the amplitude ratio for a closed-loop system are 
usually too complex to be performed by hand but are easily performed via digital 
computation. 


The great strength of frequency response is that it provides a clear indication of 
the control performance for an input (disturbance or set point change) at various 
frequencies. 
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B 



Solution of the time-domain equations defining the dynamic behavior of the sys¬ 
tem is another valuable method for evaluating the expected control performance 
of a design. Unfortunately, the differential and algebraic equations for a realistic 
control system are usually too complex to solve analytically, although that would 
be preferred so that analytical performance relationships could be determined. 
However, numerical solution of the algebraic and differential equations is possi¬ 
ble and usually provides an excellent approximation to the behavior of the exact 
equations. 

One reason for using simulation is that control performance specifications 
are defined in the time domain. The comparison of the predicted performance 
to the specifications often requires the entire dynamic response—the variables 
over the entire transient response—to ensure proper dynamic behavior. Thus, the 
solution to the complete model is required. Also, the engineer likes to see the entire 
transient response to evaluate all factors, such as maximum deviation, decay ratio, 
and settling time. The simulation approach is particularly useful in determining the 
response of a system to a worst-case disturbance. This largest expected disturbance 
can be introduced, and the resulting response will indicate whether or not all process 
variables can be maintained within their specified limits. 

Numerical methods used to solve ordinary differential equations were de¬ 
scribed briefly in Chapter 3. Note that equations for all elements in the system— 
process, instrumentation, and controller—must be solved simultaneously. Also, 
since the solution is numerical, there is no requirement to linearize the equations, 
although insight from the analysis of linear models is always helpful. Simulation 
methods have been used to prepare most of the closed-loop dynamic responses in 
figures for this book. 

EXAMPLE 13.4. 

Determine the dynamic response of the three-tank mixing process defined in Ex¬ 
ample 7.2 under PID control to a disturbance in the concentration in stream B of 
+ 0 . 8 %. 

This is the case considered in Example 9.2, in which the PID tuning was first 
determined from a process reaction curve. The dynamic response of the closed- 
loop control system was then determined by solving the algebraic and differential 
equations describing the system, along with the algorithm for the feedback con¬ 
troller. The following equations summarize the model: 

= SP - *A3 

= 0.0028V (13.5) 

_ Pb(.X\)b + Fa(X\)a 
Fb + Pa 

= (Fa + F b )(.*a/-i - *a/) for / = 1 , 3 

The PID controller can be formulated for digital implementation as described 
in Chapter 11. Also, the differential equations can be solved by many methods; 
here they are formulated in the discrete manner using the Euler integration method. 


Vi 


E 

v 

Fa 

Xao 

dx A,- 
dt 
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Both the process and the controller are executed at the period At. 

E n = SP„ - (*a3)« 

( v )n = (V)n -1 + Kc j^n — E/i -1 H- T/~ ~At [ _ ^ A3 ^ n 2(*A3)n-l — (*Aj)rt-2] J 

(F a )„ = 0.0028(v)„ 

(13.6) 

, s \Fb(*\)b + ^a(*a)a1 

= [ fTTf* J, 

(•<A<)».+1 = (X M )„ + ^ [Ua,-i)« - Ua/)«] fori = 1,3 
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The initial conditions are (jc a ,)o = 3.0% A for i = 0,3 and (t>) 0 = 50% open. The 
controller tuning constants are K c = 30, T, = 11, and T d = 0.8. The disturbance 
was a step in ( x A ) B from its initial value of 1.0 to 1.8 at time 20. The execution 
period was selected to be small relative to the time constants of the process, 
0.1 minute. The result of executing the equations (13.6) recursively is the entire 
transient response. The manipulated and controlled variables are plotted in the 
adjacent figure. Note that the numerical simulation approach is not limited to linear 
systems. In fact, this example involves several nonlinearities, e.g., F A x A . 


The simulation method is not restricted to simple input forcing functions, 
and this flexibility is very useful in estimating likely improvements in control 
performance. As demonstrated in the previous example, the control performance 
can be determined based on a model of the feedback process and a model of the 
disturbance. If the disturbance is a complicated function, a representative sample 
of the effect of the disturbance on the variable to be controlled can be used as a 
“model” of the disturbance. The effect of the disturbance(s) can be obtained by 
collecting open-loop data of the variable to be controlled as typical variabilities in 
plant operation occur. 



0 20 40 60 80 100 120 140 160 180 200 

Time 



EXAMPLE 13.5. 

PI control is to be applied to the plant with feedback dynamics characterized by 
a dead time and single time constant. In the plant an undesirable feed compo¬ 
nent is reacted to a benign effluent component. The outlet concentration is to be 
controlled by adjusting the feed preheat. The control objective is to maintain the 
outlet concentration just below its maximum value. Too low a concentration leads 
to costly side reactions and byproducts; thus, the goal is to reduce the variance. 
The model, determined by empirical identification, and the controller tuning are 
as follows: 

AC(s) 1 Oe" 25 / 1 \ 

Cp ( S ) C ,( S ) GW =-jii = — C,= ,.o( I + —) (13.7) 

A sample of representative dynamic data of the reactor effluent without control 
is presented in Figure 13.10a. Note that some of the variation is of low frequency; 
feedback control would be expected to be successful in attenuating these low- 
frequency components. Also, some of the variation is relatively high-frequency, 
which, we expect, would be difficult to reduce with feedback control. 

To predict the performance of the control system, a simulation can be per¬ 
formed using the plant model with the sample disturbance data. This approach 
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FIGURE 13.10 

Reactor outlet concentration, Example 13.5: (a) effect of 
disturbance without control; ( b ) dynamic response with 
feedback control. 



is shown schematically in Figure 13.11, where the digital simulation would in¬ 
troduce the disturbance data collected from the process, Figure 13.10a, as the 
forcing function. Naturally, the controller calculation, here a proportional-integral 
algorithm, receives the controlled process output, which is the sum of the effects 
from the manipulated variable and the disturbance. The results of the simulation 
are given in Figure 13.10b. The variability of the controlled variable, measured by 
standard deviation, has been reduced substantially by feedback control. Analysis 
of a larger set of data than shown in the figure, which gives a more reliable indica¬ 
tion of performance, shows that the standard deviation is reduced by a factor of 
5. As expected, the high-frequency components are not substantially reduced by 
the feedback control system. Because of the smaller variation, the average value 
of the concentration (i.e., the controller set point) could be changed to realize the 
benefits from improved control performance. 
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Schematic of the calculation method for predicting control performance with a 

complex disturbance model by a simulation method. 


Process Factors 
Influencing 
Single-Loop Control 
Performance 


This example clearly demonstrates the improvement possible with feedback 
control and provides a simple, simulation-based method for estimating control 
performance. The method requires a process model, a controller equation, and 
a sample of the output variable without control; it provides a prediction of the 
standard deviation of the manipulated and controlled variables. It can be used in 
conjunction with the benefits calculations to estimate control benefits quantita¬ 
tively, as shown in Figure 13.11. 

The material in this section has demonstrated that: 


Dynamic simulation via numerical solution of the system equations provides a man¬ 
ner for determining the dynamic performance of a closed-loop process control sys¬ 
tem. The approach can (1) provide a solution for nonlinear as well as linear systems; 
(2) consider any input forcing functions; and (3) provide detailed information on all 
variables throughout the transient response. 


Frequency response and dynamic simulation, provide methods required to analyze 
control systems quantitatively. These methods are applied in the next sections to 
develop understanding of how specific aspects of process dynamics and the PID 
controller influence performance. 


13.5 □ PROCESS FACTORS INFLUENCING SINGLE-LOOP 
CONTROL PERFORMANCE 

Because the process (G p (s) and Gj(s)), instrumentation (G v (s) and G s (s)), and 
the controller (G c (s)) appear in the closed-loop transfer function in equation (13.1), 
all elements in the feedback system influence its dynamic response and control 
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performance. It is tempting to believe that a cleverly designed controller algorithm 
can compensate for a difficult process; however, the process imposes limitations on 
the achievable feedback control performance, regardless of the feedback algorithm 
used. An understanding of the effects of process dynamics on control performance 
enables us to design plants that are easier to control, recognize limits to the perfor¬ 
mance of single-loop feedback control, and design enhancements. The next topic 
establishes a bound on the best achievable feedback control performance that gives 
valuable insight into the effects of process dynamics. 




A Bound on Achievable Performance 

The first topic introduced in this section is the performance bound (i.e., the best 
achievable performance) for a feedback system. The best performance is explained 
with reference to the process shown in Figure 13.4, where the control system is 
subjected to a step change disturbance. (Note that this concept is applicable to 
more general processes than Figure 13.4.) The dynamic responses of the controlled 
and manipulated variables are graphed versus time in Figure 13.12, and several 
important features of the response are highlighted. First, note that the effect of 
the feedback adjustment has no influence on the controlled variable for a period 
of time equal to the dead time in the feedback loop. Therefore, the integral error 
and maximum deviation shown in Figure 13.12 cannot be reduced lower than 
the open-loop response for time from zero (when the disturbance first affects the 
controlled variable) to the dead time. For the special case of a step disturbance 
with magnitude AD and a first-order disturbance transfer function with gain K d 
and time constant x d , the limiting integral error and maximum deviation can be 
simply evaluated by the equations 

E = K d ( 1 - «<"'/*>) A D for 0 <t <6 (13.8) 

IAE min = f \E\dt 
Jo 

= \K d AD\ f 6 \(\ - e~ (,IXd) )\ dt < 13 - 9 > 

Jo 

= \K d AD\[d + z d (e- e/Xd -l)] 

ISmaxLn = l*rfAZ>| (l - e^ 6 ^) (13.10) 

IAE m in represents the minimum IAE possible, and |£ max |min represents the mini¬ 
mum value possible for the maximum deviation for a feedback system with dead 
time 0, a step disturbance, and a disturbance time constant of x d . No single-loop 
feedback controller can reduce the values further. As shown in the figure, these 
values provide a useful bound with which to evaluate control performance. The 
important conclusion from this discussion is that 


The dead time in the feedback path is the facet of the process that usually limits the 
control performance. 






Typical dynamic response for a feedback control system. 
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The theoretical best achievable control performance cannot usually be realized 
with a PID control algorithm, although the PID often provides entirely satisfac¬ 
tory performance. Methods exist for deriving the control algorithms giving the 
theoretical best or “optimal” control, with optimal defined several ways, such as 
minimum integral of error squared (Newton, Gould, and Kaiser, 1957; Astrom and 
Wittenmark, 1984). It is important to recognize that these optimal controllers can 
result in excessive variation in the manipulated variable, and their performance can 
be very sensitive to model errors. Therefore, the “optimal” algorithms are not often 
applied in the process industries, although their concepts are useful in determining 
the achievable performance bounds in equations (13.9) and (13.10). 


EXAMPLE 13.6. 

The potential designs shown in Figure 13.4, plus one additional, have been pro¬ 
posed for a plant. It is expected that all designs have nearly the same capital 
cost. The major disturbance is an occasional step with magnitude of 2.5 units. 
Which of the designs will have the best control performance? The dynamic model 
parameters are summarized in the following table. 


-D 


£ 




Case 

Feedback process 

Disturbance process 

K p 

e 

r 

Td 

K d 

A 

1.0 

1.0 

1.0 

1.0 

2.0 

B 

1.0 

4.0 

4.0 

1.0 

2.0 

C 

1.0 

0.5 

1.5 

1.0 

2.0 

D 

0.1 

0.5 

1.5 

1.0 

2.0 



0.5 





The feedback control systems could be simulated to determine the perfor¬ 
mance for each. The selection of the best performing design would be straightfor¬ 
ward, but the total effort would be substantial. In this example, the limiting (best 
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possible) performances will be evaluated using equations (13.9) and (13.10) as a 
basis for selecting the best design. The results of the calculations are given in the 
following table. 
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Case 

Minimum IAE 
equation (13.9) 
(smallest is best) 

Minimum lEmaxI 
equation (13.10) 
(smallest is best) 

Ranking 
(1 = best) 

A 

1.85 

3.15 

4 

B 

15.10 

4.90 

5 

C 

0.55 

1.95 

2 (tied) 

D 

0.55 

1.95 

2 (tied) 

E 

0.15 

lit 



The rankings of the original four cases agree with the conclusions in Example 
13.1. All of these have the same disturbance dynamics, so that the performance 
ranking depends entirely on the feedback dynamics. Since cases C and D have 
the smallest dead time and fraction dead time, they provide the best performance 
from among the original cases A to D. Case E has the same feedback dynamics 
as cases C and D, but it has slower disturbance dynamics. Slower disturbance dy¬ 
namics are favorable, because feedback compensation has more time to correct 
for the disturbance before a large deviation from set point occurs. The performance 
measures indicate that case E should give substantially better performance than 
the other designs for this step disturbance. Simulations with realistic PID con¬ 
troller tuning confirm these conclusions, which are based on the theoretically best 
possible performance. 





EXAMPLE 13.7. 

As a result of Example 13.6, we have selected the case E process design. The 
customers of the product have stated that they will not accept the product if it ever 
deviates more that ± 0.40 units from the desired value, i.e., the controller set point. 
How does our design measure up to this demand? 

The results table in Example 13.6 shows that the smallest possible maximum 
deviation is 0.59, which is larger than the maximum allowable violation. Since this 
is the best possible performance—with feedback control —we know that we should 
not investigate alternative PID tuning or alternative feedback control calculations. 
We know that we must change the structure of the problem. Possible solutions 
include (1) reducing the magnitude of the disturbance in an upstream process 
(always a good concept), (2) making the feedback process faster, (3) making 
the disturbance process slower, or (4) inventing a control approach different from 
feedback. In this example, we will investigate (3) by modifying the disturbance 
process. (In the next few chapters, we will develop new control approaches that 
might be less expensive.) 

The simplest change to the disturbance process would be an increase in 
the volume of the mixing tank that would increase the disturbance time constant. 
From equation (13.10), the minimum disturbance time constant to achieve the 
required performance (minimum IfnaJ < 0.40) is about 6.0. However, this cal¬ 
culation assumes the best possible feedback compensation; therefore, a larger 
disturbance tank volume would be expected for realistic feedback control. A few 
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Disturbance response of the case E process in Example 13.7 modified 

to have r</ = 10. 


simulations with PI control and Ciancone tuning (K c = 1.7 and T, = 1.3) found that 
a disturbance time constant of 10 was just large enough to achieve the desired 
control performance. The dynamic response to the disturbance for a disturbance 
time constant of 10 is shown in Figure 13.13. As expected, the behavior of the 
controlled variable with a realistic PI controller is not as good as with the optimal 
controller; as a result, the disturbance time constant had to be increased substan¬ 
tially to obtain the desired performance. The wise engineer would evaluate the 
likely errors in the plant models and further increase the disturbance mixing tank 
volume to account for these uncertainties. 


The preceding discussion and examples demonstrate that both feedback and distur¬ 
bance process dynamics influence control performance. Fast feedback dynamics and 
slow disturbance dynamics favor good performance. Understanding this difference 
is crucial when designing plants with favorable dynamic behavior. 


The Effect of Inverse Response 

Inverse response is an important characteristic of the feedback process dynamics 
that, when it exists, has a major effect on control performance. The reasons why 
inverse responses occur are explained in Section 5.4 on parallel systems, and 
some process systems that have parallel structures are presented and modelled 
in Appendix I. The process considered here is modelled in Example 1.2. In that 
example, the parallel process structure resulted in the concentration first increasing, 
then decreasing in response to a step increase in the solvent flow rate. (The reader 
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may want to review this example before proceeding.) Clearly, such a process is 
difficult to control, because the initial response of the controlled variable is in the 
CHAPTER 13 “wrong” direction. The initial inverse response imposes a limit to the achievable 

Performance of control performance in a way similar to dead time. 

Feedback Control 

S y stems EXAMPLE 13.8. 

The inverse response process, the reactor in Example 1.2, is shown in Figure 13.14 
with the proposed feedback control system. Determine the control performance 
for this system in response to a step change in the set point of a PI controller. 

The model for this process, linearized about the initial steady state, is repeated 
here; however, this model is not exact for the transient considered, because the 
gain and time constants depend on the flow of solvent, which changes through 
the transient: 


G p (s) 


-1.66(-8.0s + 1) 
(8.25j + l) 2 


(13.11) 


The tuning for the PI controller was determined by trial and error to be K c = 
-0.45 m 3 /min(mole/m 3 ) and 7) = 13.0 min, which resulted in the transient response 
in Figure 13.15. This transient was evaluated by a numerical solution of the nonlin¬ 
ear differential equations. The control performance is less than ideal, because the 
initial response of the controlled variable is inverse to the change in the set point. 
However, the response is stable, returns to the set point, and is “well behaved" 
(i.e., not unduly oscillatory or slow to return to the set point). 


It is important to recognize that this second-order process without dead time 
cannot be controlled tightly, because of the inverse response, regardless 
of the feedback control algorithm. 


Again, we see the influence of feedback dynamics on control performance. 



FIGURE 13.14 

Feedback control design for Example 13.8. 
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Closed-loop response of the inverse response process in Example 13.8. 


Model Requirements for Predicting Control Performance 

Throughout this book, we have monitored the effects of modelling errors on de¬ 
sign decisions such as tuning and on the resulting control performance. Here the 
effects of modelling errors on the accuracy of control performance predictions 
are considered. Two linear models for the three-tank mixing process have been 
developed; one involves a third-order system, and the other involves a first-order- 
with-dead-time approximation. How well does the performance predicted using 
the approximate model compare with the performance using the “exact” third- 
order model? To answer the question for this example, the closed-loop frequency 
responses have been calculated for both cases. The controller is a PI algorithm 
with the tuning constants from Example 9.2 (with the small derivative time set to 
zero). The closed-loop transfer functions for the two cases are as follows: 


Exact third-order model. 

CV(J) 

D(s) 


1 


(5s + l) 3 


1 + 


0.039 
(55+ l) 3 


30 


( i + ttt) 


Approximate first-order-with-dead-time model. 


CV(s) 

D(s) 


\e 


-5.5s 


(10.55+1) 


,-5.5 i 


1 +0.039 


(10.55 + 1) 


-30 


( i+ t9 



(13.13) 
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The results of the analysis are plotted in Figure 13.16. The approximate first- 
order-with-dead-time model represents the system with sufficient accuracy to pre¬ 
dict the control performance, especially for the low-frequency disturbances, which 
is the range for which feedback control is designed and effective. The predictions 
differ in the high-frequency range, but they both predict very good disturbance 
attenuation. The approximate model leads to some error in the region of the res¬ 
onance peak; however, both models identify the proper resonance frequency and 
properly predict that feedback is not effective in this frequency region. 

The results of this example on control performance, along with Examples 9.2 
and 9.3 on tuning and Example 10.17 on stability analysis, lead to a very important 
conclusion: 


An approximate first-order-with-dead-time model typically provides sufficient ac¬ 
curacy for single-loop control tuning and performance analysis when the open-loop 
process has an overdamped, sigmoidally shaped response between the manipulated 
and controlled variables. 


Since many processes have such well-behaved dynamic responses, the first-order- 
with-dead-time models are used frequently in the process industries. 

The topics in this section demonstrate some key limitations imposed on control 
performance by process dynamics and provide some quantitative estimates of how 
various process parameters affect performance. From these results, it becomes clear 
that many deficiencies in control performance cannot be corrected by improving 
the single-loop control algorithm or tuning. Finally, the sensitivity of control design 
methods to modelling errors has been analyzed, and the results in this section, in 
conjunction with previous chapters, confirm the usefulness of approximate models. 



FIGURE 13.16 

Comparison of closed-loop frequency response for (a) exact 
third-order model, equation (13.12), and (b) approximate 
process model, equation (13.13). 
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The goal of the control instrumentation and algorithm is to achieve, as closely as 
is practically possible, the best control performance (for the controlled and ma¬ 
nipulated variables) for the existing process dynamics. The effect of controller 
algorithm and tuning constants on the system’s stability has been covered exten¬ 
sively in Chapters 9 and 10 and will not be repeated here. Suffice it to say that 
the controller tuning is selected to provide a compromise that gives acceptable be¬ 
havior over a range of process dynamics. Several other important control system 
factors are discussed in this section. 


Control System 
Factors Influencing 
Control Performance 


Manipulated-Variable Behavior 

As emphasized in Chapter 9, the behavior of the manipulated variable is also 
considered when evaluating control system performance. The effect of feedback 
control can be determined from the block diagram in Figure 13.1. 

MV(j) = -G rf fr)G,(j)G c (j) 

D(s) 1 +G p (s)G v (s)G c (s)G s (s) 1 ‘ 

The numerator includes the product of the disturbance and controller transfer 
functions. As the controller tuning is selected for more aggressive control (i.e., the 
gain is increased or integral time decreased), the magnitude of the manipulated- 
variable variation is increased. In contrast, maintaining the controlled variable close 
to its set point requires aggressive control, as limited by feedback dynamics. Thus, 
the tuning is often selected as a compromise of these two concerns, manipulated- 
and controlled-variable performance. 


EXAMPLE 13.9. 

Evaluate the frequency response of the controlled and manipulated variables for 
the system in Example 13.1, case C. Evaluate three values of the controller gain 
relative to the base case: (a) 75%, ( b) 100%, and (c) 125%. 

The magnitude of the controlled variable is determined from equation (13.2), 
and the magnitude of the manipulated variable is determined from the following 
equation: 



D 


|MVQ'<o)| _ G d (ja))GAja>)G c (j(o) 
|£>0'a>)| ” \+G p (J(o)G„(Ja>)G c (J<o)G s (ja>) 


(13.15) 


The results are given in Figure 13.17a and b. Note that the manipulated-variable 
variation at low frequencies is nearly independent of the controller gain, since the 
manipulated variable is adjusted slowly, in quasi-steady state, in response to the 
disturbance magnitude. However, at higher frequencies a smaller controller gain 
results in a smaller manipulated-variable magnitude (variation). As expected, the 
smaller controller gain also results in an increased controlled-variable magnitude 
(variation). 


Sensor and Final Element Dynamics 

The dynamics of the final control element, usually but not always a valve, and 
the sensor appear in the feedback path. Therefore, they influence the stability and 
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FIGURE 13.17 

Amplitude ratios for disturbance input for Example 13.9: 
(a) of manipulated variable; ( b ) of controlled variable. 


control performance. The closed-loop transfer function, including the instrument 
elements, for the system was derived in Chapter 7 and is repeated here: 

CV(y) _ G d (s) 

D(s ) “ 1 + G p (s)G v (s)G c (s)G s (s) (13,16) 

EXAMPLE 13.10. 

Calculate the frequency response of the controlled variable to a disturbance input 
for the system in Example 7.1, case A, (a) when the sensor and final element 





dynamics are as given in the Example, and (b) when these dynamics are negligible 
(i.e., all instrument dead times and time constants are reduced to zero, so that 
the only significant dynamics in the feedback path are from the process). For 
both cases, the disturbance time constant is 3 minutes. The models for the two 
situations are given below. 

Example 13.10(a) 

,84e " J Cf-1- 1,0 

G p ( ' s) ~ (0.5j + 1)(1.5s + 1)(3j + 1)(105 + 1)(0.51s + 1)(s + 1) “ (3j+1) 

Example 13.10(b) 


G p (s) 


1 ,84e~ s 

(37+7) 


G d (s) = 


1.0 

(3^ + 1) 


The controller tuning has to be determined individually for (a) and ( b ). The 
dynamics can be approximated from the process reaction curves in Figure 7.3a 
using the process reaction curve graphical Method II, and the tuning can be cal¬ 
culated from the Ciancone correlations. 
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K„ 

9 

T 

K c 

T, 

Example 13.10(a) 

1.84 

5.5 

13.5 

0.65 

13.3 

Example 13.10(b) 

1.84 

1.0 


0.65 

K33I 


The results of the frequency response calculations are given in Figure 13.18. 
Clearly, the control performance is better for (b), where the instrumentation dy¬ 
namics are negligible, because the instrumentation dynamics in (a) are substantial 
compared with the process. 



Amplitude ratio of controlled variable to disturbance for 

Example 13.10. 
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Recall that the dynamic model determined through empirical identification in¬ 
cludes all elements in the feedback path, G p (s)G v (s)G c (s)G s (s). When the control 
system uses the same instrumentation, the identified model provides the informa¬ 
tion needed for tuning and control performance assessment. 


Digital PID Controllers 

The PID algorithm can be implemented in a digital, or discrete manner, where the 
calculation is performed periodically. The effects of the execution period on tuning 
and control performance were covered in Chapter 11, where At /(0 + r) was iden¬ 
tified as the parameter indicating the change from a continuous system. When this 
parameter is small, approximately 0.05, the system behavior is similar to that with 
a continuous controller; as the parameter increases, the control performance de¬ 
grades from that achieved with a continuous controller. The digital control system 
can be easily simulated by executing the appropriate number of process simula¬ 
tion time steps between successive controller executions to provide an accurate 
representation of the process dynamics. The magnitude of the controlled variable 
in response to a sine input (i.e., the amplitude ratio of the frequency response) can 
be obtained; the calculations require mathematical methods for discrete systems 
(z -transforms) covered in this book in Appendix L and in Ogata, 1987. 


PID Mode Selection 

With detailed analysis of controller tuning and control system performance, it is 
possible to discuss the selection of controller modes—proportional, integral, and 
derivative—for various applications. Naturally, the appropriate selection depends 
on the control objectives. For the vast majority of applications, zero offset is desired 
for steplike inputs, and an integral mode is required, as was demonstrated in Chapter 
8. A few control strategies do not require zero offset, and proportional-only control 
is possible for these. The most common instances are some, but not all, level 
controllers, which are described in Chapter 18. Also, the proportional mode is 
nearly always used with the integral mode, because control systems with integral- 
only controllers tend to have slow, oscillatory dynamic responses. 

Therefore, the proportional and integral modes are used for nearly all con¬ 
trollers, and the only choice regards the use of the derivative mode. The tuning 
correlations in Chapter 9 show that the derivative time (i.e., the contribution from 
the derivative mode) should be small for small fraction dead times and increase 
as the fraction dead time increases. A rationale for this trend is that the derivative 
is a “predictive” mode and that prediction is needed because of the dead time in 
the closed-loop system. A quantitative explanation is that the phase lead provided 
by the derivative mode allows a higher controller gain and shorter integral time, 
resulting in better control performance. 

As previously discussed, the derivative mode amplifies high-frequency noise 
in the measured variable. If the difference between the noise and process response 
frequencies is large, the noise can be attenuated by filtering (see Chapter 12). If this 
is not the case, the controller derivative time must be reduced, perhaps to zero, to 
observe the limitation on the high-frequency variation of the manipulated variable. 
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EXAMPLE 13.11. 

Select appropriate modes for the PID controller applied to the process shown in i 

Figure 13.19. Control System 

Factors Influencing 

Ll-1 and LI-5. The feed tanks have periodic, rather than continuous, supply Control Performance 

flows. As a result, their levels must vary with time, and their total volumes must 
be large enough to contain the change in inventory accumulated between supply 
or delivery flows. Therefore, their levels are not controlled. Level indication allows 
plant operating personnel to monitor the levels. 

FC-l and FC-2. Flow controllers should maintain the flows at their set points. 

The flow process has little dead time and a relatively noisy measurement signal. 

Therefore, a PI controller is used. Since the flow process is so fast, the PI is some¬ 
times tuned with a small gain and small integral time so that it performs closer to 
an integral-only controller. This tuning further reduces the effects of noise. 

LC-2. The reactor level influences the residence time and, therefore, the reaction 
conversion. The level should be maintained at its set point, but extremely rapid 
changes to the manipulated flow are not desirable. A PI controller is used. 

TC-i. The reactor temperature is also a key variable in determining the reaction 
conversion. The controller would be PID or PI, depending on the fraction dead 
time. 



Schematic of process and controllers considered in Example 13.11. 
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T C-2. The flash drum temperature is an important variable in controlling the sep¬ 
aration. The controller would be PID or PI, depending on the fraction dead time. 

LC-3. There is no incentive to maintain the flash drum level at a specific value 
as long as the level remains within its allowed range. Also, flow variation to down¬ 
stream units should be small. Therefore, a P-only controller could be used. A PI 
controller is also allowable in this case. 

PC-1 . The pressure of the flash drum is important for safety. It is also important for 
product quality, because the pressure affects the components in the flash vapor 
and liquid phases. The pressure dynamics should have essentially no dead time. 
Therefore, a PI controller is selected. 


Selecting the Manipulated Variable 

In Chapter 7, five criteria were presented for selecting a manipulated variable from 
among several candidates. Here, we apply these criteria using quantitative dynamic 
models that improve our ability to evaluate candidate designs and to select the best 
manipulated variable. 

EXAMPLE 13.12. 

Using the following quantitative data, select the manipulated valve for feedback 
control for the reactor in Figure 13.20 that will provide better control performance. 

Control objective. Maintain the reactant concentration in the reactor at 0.465 
mole/m 3 . 

Design problem. Should the feedback controller manipulate v A or v c to achieve 
good dynamic performance? 

Disturbance. The reactant concentration in the solvent, (C a )sol . is normally zero 
but can increase to 0.463 mole/m 3 in a step. 


C A0 



FIGURE 13.20 

Chemical reactor analyzed in Example 13.12. 


Model Information. 

1. The reaction is first-order with Arrhenius temperature dependence; -r A = 
koe~ E '« T C A . 

2 . The reactor is well mixed, and the volume is constant. 

3. Flows depend on the valve openings linearly; F c = K vc v c and F A = K A v A . 

4. Heat transfer can be modelled similarly to Example 3.7, and heat losses are 
negligible. 

5. The heat of reaction is zero. 

Data. F = 0.085 m 3 /min, V = 2.1 m 3 , p = 10 6 g/m 3 , C p = 1 cal/(g°C), To = 150°C, 
T cin = 25°C, F„ = 0.50 m 3 /min, C pc = 1 cal/(g°C), p c = 10 6 g/m 3 , k 0 = 5.62 x I0 7 
min" 1 , E/R = (15,000//?)FT 

Steady-state operation. (C a ) S ol = 0, C A0 = 0.965 mol/m 3 , C A = 0.465 mol/m 3 , 
T s = 85.4°C, v A = 50%, v c = 50% 
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A thorough analysis of the potential control designs requires information about 
the feedback dynamics. To provide this information, a dynamic model of the system 
is formulated, based on the following energy and component material balances. 

dT aF b+l 

VpC p — = FpC p (T 0 - T )-^-(T ~ 

Fc + 2p c C pc 

V^ = F(C ao - C A ) - Vk 0 e~ E/RT C A 


with F c = K vc v c , F a = K a v a , and C A0 = ( fi A )(F A )/F , with p. A molar density in 
moles/m 3 

The equations can be linearized and the following transfer functions can be 
derived for the two potential feedback dynamic systems. 


C A (J) _ K fc 

Vc(s) (T|J + l)(r 2 s -I- 1) 


with K fc = 0.00468 


mole/m 3 
% open 


T\ = 12.4 min and r 2 = 11.7 min 


C a (j) _ Kfa 
1>a( 5) _ (t| + 1) 


with Kfa = 0.0097 


mole/m 3 
% open 


r = 12.4 min 


Now, the five basic criteria are evaluated for the two potential manipulated 
variables. 


1. Causal relationship 

2. Automated valve available 

3. Fast feedback dynamics 

4. Able to compensate for 
largest disturbance 

5. Adjust the valve without 
upsetting the plant 


Feedback with u A -»• C A 


Feedback with v c -*• C A 


Yes, K fa ¥* 0 
Yes 

Stable, first-order system with 
t = 12.4 min; this is faster! 

Yes, when (C a ) S ol = 0.463, t> A = 25% 


Yes, Kfc ^ 0 
Yes 

Stable, second-order system with 

T| = 12.4 and t 2 = 11.7 min; this is slower! 

Yes, when (C a )sol = 0.463, vc = 25% 


Yes, a tank of reactant is available Yes, cooling water is available 
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Based on the analysis, either valve could be used for feedback control be¬ 
cause a causal relationship exists, an automated valve is available, and the valve 
has sufficient range to compensate for the largest expected disturbance. The 
control performance would be best for the system with the fastest feedback dy¬ 
namics, therefore, feedback using the reactant valve, v A , is chosen as the better 
manipulated variable. 

This analysis is confirmed by the dynamic responses of both feedback control 
systems in Figure 13.21. The PI controller tunings are 

Manipulating v A K c = 200%/(mole/m 3 ) 77 = 3.0 min 

Manipulating v c K c = 200%/(mole/m 3 ) T, = 13.0 min 

The transient responses show the concentration deviating much less from its set 
point when v A is manipulated. This confirms our qualitative analysis. Naturally, the 
selection could be influenced by other factors like the cost of energy and potential 
side reactions, which are not considered in this example. 


Process Design for Control Performance 

Various process designs can have identical steady-state conditions but very dif¬ 
ferent dynamic behavior. One aspect of dynamic behavior that significantly influ¬ 
ences control performance is process self-regulation. Processes with strong self¬ 
regulation tend to be affected less by some disturbances and can be quickly returned 
to desired values. The following example shows that fundamental models provide 
insight that enables us to design processes with good control performance. 

EXAMPLE 13.13. 

A stirred-tank heat exchanger was modelled in Example 3.7, and the control 
performance of the linearized approximation was evaluated analytically in Exam¬ 
ple 8.5. The results indicated reasonably good performance, because the feed¬ 
back dynamics G p (s) were first-order. However, the question remains whether the 
performance could be improved by simple process modifications. A reasonable 
goal would be to change the process so that the feedback dynamic response is 
faster and the controlled variable is less sensitive to disturbances. This can be 
achieved by increasing the “self-regulatory" nature of the process without control. 
For the heat exchanger, the process will be more self-regulatory if the tempera¬ 
ture driving force for exchange is small; then, a small increase in the exchanger 
fluid temperature due to a feed inlet temperature increase will substantially in¬ 
crease the cooling duty. Naturally, the heat exchanger area must be increased to 
achieve the same heat transfer rate as in the base case with a smaller temperature 
difference. 

This concept is applied to the example heat exchanger by increasing the 
cooling temperature from the original value of 25°C to 65°C, with a commensurate 
increase in the heat exchanger area. The data for this example, which is the same 
as the original process in Examples 3.7 and 8.5, are summarized below, and the 
modified data are summarized in Table 13.2. 

F = 0.085 m 3 / min V = 2.1m 3 T s = 85.4°C p = 10 6 g/m 3 

C p = 1 cal/(g°C) r 0 =150°C 

F cs = 0.50 m 3 /min C pc = 1 cal/(g°C) p c = 10 6 g/m 3 

The following fundamental nonlinear and linearized models can be derived for a 
disturbance in the inlet temperature 


Valve A (% open) Reactor concentration (mole/m 3 ) Valve A (% open) Reactor concentration (mole/m 3 ) 





(a) Dynamic response of the control design in Example 13.12 manipulating v A . 

(b) Dynamic response of the control design in Example 13.12 manipulating vc. 
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The data in Table 13.2 demonstrate that the approximate linear dynamic model 
has two significant improvements for the modified process. First, the feedback 
time constant is smaller, allowing better feedback performance. Second, the dis¬ 
turbance gain is smaller, meaning that the same feed inlet temperature distur¬ 
bance has a smaller effect on the process without control because of the stronger 
self-regulation. The faster feedback dynamics and smaller disturbance gain in¬ 
dicate that the feedback control performance should be better for the modi¬ 
fied process. This analysis is confirmed by the results in Figure 13.22, which 
shows the temperature responses for the original and modified processes, and 
by the results summarized in Table 13.2 on control performance. The tuning was 


TABLE 13.2 

Data and selected results for Example 13.13 

Parameter Original value Modified value Comment 


Process data 


a (cal/min °C) 

1.41 x 10 5 

5.21 x 10 s 

UA = aF b 

Tcin (°C) 

25 

65 


K p (°C/(m 3 /min)) 

-33.9 

-19.6 


t (min) 

11.9 

5.93 


K d (°C/°C) 

0.52 

0.24 


T d (min) 

11.9 

5.93 



Controller data 

K c ((m 3 /min)/°C) 

Ti (min) 

-0.059 -0.10 

0.95 0.47 

K C K P the same 

Tf/x the same 

Control system performance 

IAE (°C min) 

Maximum deviation 
from set point (°C) 

5.31 1.27 

0.66 0.33 

Due to smaller K d and r 
Due to smaller K d 


86.5 
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Transient responses for Example 13.13. 


similar for both systems, adjusted to have the same values for the key dimen¬ 
sionless parameters K C K P and T,/r so that the manipulated-variable behavior is 
reasonable (and similar) for both transients. These responses were determined 
by numerically integrating the nonlinear differential equations for the process and 
controller. 

The substantially improved performance for the inlet temperature disturbance 
has been accomplished with minor modification to the process. However, it is not 
without some negative impact. First, the heat exchanger area and cost have been 
increased. Second, the sensitivity of the process performance to disturbances 
in the coolant inlet temperature has increased. Thus, the best overall design and 
dynamic behavior must be tailored to each specific situation. This example demon¬ 
strates that strong self-regulation for key disturbances can reduce controlled vari¬ 
able variation and thus, improve control performance. 


13.7 □ CONCLUSIONS 

Two general, quantitative methods—frequency response and dynamic simulation— 
have been introduced for analyzing the control performance of feedback control 
systems. Each has specific strengths. Frequency response clearly shows the ef¬ 
fects of the input frequency on the closed-loop performance, as indicated by the 
magnitude of important variables; it is applicable to stable, linear systems. Dy¬ 
namic simulation provides detailed information on the performance of variables 
throughout a transient for any time-varying input function and can be applied to any 
system, linear or nonlinear. Both of these methods require extensive computation 
and are implemented using computer calculations. 
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The two quantitative analysis methods have been used to develop insights 
and generalizations about control performance. Many general conclusions have 
been developed about the effects of process and controller parameters on control 
performance, and they are summarized in Table 13.3. 


TABLE 13.3 

Summary of factors affecting single-loop RID controller performance 
Key factor typical parameter Effect on control performance 


Feedback 
process gain 

Feedback 
process“speed" 

Feedback fraction 
process dead time 
Inverse response 


Magnitude of 
disturbance effect 
Disturbance 
dynamics 


Sensor 

Filter 


Final element 

Controller execution 
period 

Controller tuning 


Modelling errors 

Limitations on 

manipulated 

variables 


K p The key factor is the product of the process and controller gains. 

For example, a small process gain can be compensated by a large 
controller gain. Note that the manipulated variable must have 
sufficient range. 

9 + t Control performance is always better when this term is small. 

Q 

Control performance is always better when this term is small. 

Numerator term in Control performance degrades for large inverse response, 

transfer function, (rs+1) 
with t < 0 

\KaAD\ Control performance is always better when this term is small. 


U>d 

6d 

Tfl(e + r) 

At 

9 + z 
K C K P 

T, To 

(9 + r) (9 + t) 

min < MV(r) < max 


Control performance is best when the disturbance is slow (the time 
constant is large). 

Feedback control is effective for low-frequency disturbances and is 
least effective at the resonant frequency. 

Disturbance dead time does not influence performance. 
Measurement should be accurate. Dynamics should be fast with little 
noise. 

Attenuates higher-frequency components of measurement. Reduces 
the variability of the manipulated variable, but degrades 
controlied-variable performance as filter time constant is increased. 
Dynamics should be fast without sticking or hysteresis. Range should 
be large enough for response to demands. 

Control performance is best when this parameter is small. Continuous 
PID tuning correlations can be used by modifying the dead time, 

9' = 9 + At/2. 

These terms are determined from tuning correlations based on control 
objectives (see Chapters 7, 9, and 10). 

Errors in the process model parameters lead to poorer control 
performance and, potentially, instability. Tuning should consider 
the estimate of model errors. 

Limitations on manipulated variables reduce the operating window 
(the range of achievable conditions). An active limit would cause 
steady-state offset from the set point. 


The analysis of controller modes, tuning, and stability in Chapters 8 through 
10 emphasized the feedback process dynamics. In fact, it was demonstrated in 
Chapter 10 that the stability of linear systems is independent of the type of input, 
so long as it is bounded. In contrast: 


445 


Additional Resources 


Control system performance depends on the dynamics of both the feedback and the 
disturbance processes and depends critically on the frequency and magnitude of the 
disturbance. 


Although generally giving good performance, the PID controller does not 
provide the best performance in all cases. The performance of a single-loop PID 
control system can be improved in some cases by using additional measurements, 
modified PID algorithms, or entirely new feedback algorithms. Some of the most 
successful enhancements for single-loop control are described in Part IV of this 
book. 
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Control performance depends on all elements in the feedback loop and the distur¬ 
bance path. The following questions require you to (1) apply general principles to 
evaluate designs and (2) apply quantitative analysis to answer analytical or numerical 
questions. 


QUESTIONS 

13.1. The mixing process in Figure Q13.1 is to be analyzed in this question. The 
concentration at the outlet is controlled by adjusting a mixing stream at the 
inlet of three tanks. The main disturbance is the concentration of a stream 
flowing through a long pipe and a single stirred tank. Assume that in the 
base case the feedback PI controller is well tuned. For each of the following 
changes (a) through (f ) from the base case answer the following questions 
and explain your answer. 

(i) How should the two tuning constants be changed (increased, decreased, 
or unchanged) to maintain good control performance? 

(ii) After the tuning has been adjusted, when necessary, how would the 
control performance, as measured by maximum deviation of the con¬ 
trolled variable in response to a step disturbance, differ from the base 
case (larger, smaller, same value)? Hint: It would help to identify the 
feedback and disturbance paths, which elements are in each, and how 
each is affected by the changes considered. 




Disturbance 
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Process changes (considered individually) 

(a) The volume of each of the three tanks, V, is increased by 50%. 

C b) The volume of the single tank, Vj, is increased by 50%. 

(c) The initial operating condition (controller set point) is increased from 
1% to 2% of A in the product. 

(d) The length of pipe is doubled. 

(e) The maximum flow capacity of the control valve is doubled. 

( f ) The solvent flow, F s , is reduced by 50%. 

13.2. Five mixing process designs, all having the process structure shown in 
Figure Q 13.2, are to be analyzed in this question. The concentration at the 
outlet is controlled by adjusting a mixing stream at the inlet. The main 
disturbance is the concentration of a stream flowing through a pipe and 
a single stirred tank. The key parameters for each design are given in the 
following table, with all values in minutes. 


Design 

L,A/(F a + Fs) 

V,/(F a + F s ) 

V 2 /(F a + F s ) 

L d /(F/A) 

V„/(F) 

1 

1.0 

1.0 

1.0 

1.0 

1.0 

II 

0.5 

1.0 

1.0 

1.0 

1.0 

III 

1.0 

0.5 

1.0 

1.0 

1.0 

IV 

1.0 

1.0 

1.0 

0.5 

1.0 

V 

1.0 

1.0 

1.0 


S33HI 


Rank the five designs from best to worst control performance in response 
to a step disturbance in Ca shown in the figure. Maximum deviation of the 
controlled variable from its set point is the measure of control performance. 
Assume that the feedback control system in the figure is used without 
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change, but properly retuned for each plant. Hint: It would help to identify 
the feedback and disturbance paths, which elements are in each, and how 
each is affected by the process designs considered. 

13 . 3 . Assume that the process transfer function G p (s) used in deriving equations 
(13.9) and (13.10) is unchanged but that the disturbance transfer function 
was modified to second-order of the form that follows. Derive expressions 
for the minimum values for the IAE and the maximum deviation of the 
controlled variable equivalent to equations (13.9) and (13.10). 

r M _ CV(5) _ K d 

A D(s) ~ (r 2 s 2 + 2x^s + l) 

13 . 4 . In this chapter the statement is made that the integral mode is particularly 
effective in reducing the effect of sine disturbances with low frequencies. 
Evaluate this statement by comparing the closed-loop frequency responses 
for PI and P-only controllers in the very low-frequency region. Is the P-only 
controller as effective? Explain your answer. 

13 . 5 . Concerning the frequency response equation (13.3): 

(«) Verify that the equations are correct. 

(b) Determine the modifications for a second-order disturbance model 
in question 13.3 being used in place of the first-order model. How 
would this change affect the general shape of the closed-loop frequency 
response? 

13 . 6 . For the following process control designs, select the proper feedback con¬ 
troller modes and discuss the proper execution periods for digital imple¬ 
mentation. (a) Figure Q7.6, ( b ) Figure 2.2, and (c) Figure Q1.9 (those 
designs for which feedback control is possible). 
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13.7. (a) A plant with the process configuration of Figure 13.4 is analyzed in this 
question. Calculate closed-loop frequency responses of the controlled- 
variable response to a disturbance. The plant transfer functions follow 
with all time units in minutes, and the controller algorithm is a PI, with 
tuning to be determined by you. You may use equation (13.3) or use a 
computer program to perform the complex manipulations. 


„ _ 2.2e~ 3s 
Gp ~ 1 + 3.4s 


Gj = 


1.0 

1 + 2 $ 


( b) The process requires a deviation from set point of less than 1.0 for the 
dominant disturbance, which has a magnitude of 1.5 at a frequency 
of 0.40 rad/min. Determine whether the PI controller can achieve the 
performance. If not, how should the disturbance and process feedback 
transfer functions be changed to satisfy the control objective? 

(c) How would the answers to parts (a) and ( b ) of this question change if 
the disturbance transfer function Gd(s) had an additional dead time of 
3 min? 


13.8. (a) In your own words, describe why processes with large dead times are 

difficult to control. 

( b ) Sketch a typical closed-loop frequency response and explain the three 
major sections of the curve at low, intermediate, and high frequencies. 
Perform this exercise for both set point and disturbance inputs. 

(c) As discussed in previous chapters and reiterated here, controller tun¬ 
ing is selected to be somewhat conservative to ensure stability as the 
process dynamics change. Discuss how this tuning practice influences 
controller performance. 

(d) Place each of the following factors in one of two categories, labelled 
“favorable” and “unfavorable” for control performance: disturbance 
frequency near critical frequency; small fraction dead time; large dis¬ 
turbance dead time; large process steady-state gain; ratio of digital 
execution period to feedback dynamics greater than 0.20; detuning 
controller gain for robustness; large value of (9 + r). 

13.9. Open-loop responses between the manipulated and controlled variables 

for four potential process designs are given in Figure Q13.9, all having the 

same scales. 

(a) Rank the processes for the expected control performance for set point 
changes. 

( b ) Rank the processes for the expected control performance for distur¬ 
bance response. 


13.10. Based on the model of the feedback process, how would the control per¬ 
formance change for the system in Example 8.5 for each of the following 
changes, made individually, to the initial steady-state operating conditions? 
Calculate the modification of tuning in response to the operating condition 
change and assume that this tuning change has been made. 

(a) Determine the PI tuning that would give “good” control performance 
for the initial plant operating conditions in Example 8.5. 


Questions 
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Time Time 

(a) (&) 




FIGURE Q13.9 


(6) The flow through the heat exchanger is reduced from 0.085 to 0.0425 
m 3 /min. 

(c) The volume in the tank is increased from 2.1 to 3.0 m 3 . 

( d ') The temperature set point is changed from 85.4 to 90°C. 


13 . 11 . The closed-loop frequency response calculated using equation (13.2) for 
a process with the structure in Figure 13.4 and with the following process 
parameters is given in Figure Q13.ll. Results are shown for several values 
of the controller gain, all with the integral time at a value of 6.0. Critically 
discuss these calculations and select from the three alternatives the value 
of the controller gain that would give the best control performance. 


G p (s) 


—2.0e~ 15s 

1+45 


GAs) = 


1.0 

1 + 1.85 


G c (5) = K c 



13 . 12 . (a) 

(b) 

(c) 

0 d) 


One rule of thumb for quickly estimating the standard deviation of a 
sample of process data is that it is equal to | of the difference between 
the maximum and minimum values in the sample. Discuss the basis 
and validity of this rule of thumb. 

Apply this rule of thumb to the data in Figure 13.10a and b. 

Assume that the goal is to increase the average concentration without 
exceeding the value of 6.2. Evaluate the performance of the system 
in Figure 13.106 and suggest any changes to the set point that are 
appropriate. 

Discuss some of the factors you would consider in selecting “represen¬ 
tative” open-loop dynamic data that could be used in estimating feed- 
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Frequency 

FIGURE Q13.11 


Questions 


back control performance for a potential PI controller by the method 
in Example 13.5. 

13.13. Based on the model of the feedback process, answer the following questions 
for the three-tank system in Examples 7.2 and 9.2 for the situation in which 
each tank volume is increased from 35 to 105 m 3 . 

(a) Describe the control performance you would expect with the original 
tuning constants from Example 9.2 applied to the modified process. 

(b) If necessary, modify the PID controller tuning. 

(c) Compare the control performance for the original system and the modi¬ 
fied system after tuning changes in ( b ). Consider the IAE and maximum 
deviation for a step inlet concentration disturbance. 

13.14. Discuss how the process structure in the following systems would affect the 
feedback control performance: (a) Example 1.1 (overshoot); ( b ) Example 
5.5 (recycle); and (c) Section 3.6 (underdamped). 

13.15. The tradeoff between manipulated- and controlled-variable behaviors has 
been discussed frequently. 

(a) Describe the behavior of the manipulated variable for the system in 
Figures 9.2 and 9.3. On each figure, sketch an approximate plot of the 
variability of the manipulated variable, showing where the variability 
is high and low as a function of the variable tuning constant(s). Either 
of the following measures of the variability can be used. 

[{^jd, or 

(b) Recalculate Figure 13.7 with a PID controller and discuss the differ¬ 
ence. 

13.16. The system in Example 13.10(er) evaluated the closed-loop amplitude ratio 
of the controlled to disturbance variables. For the same system, calculate 




the amplitude ratio of the measured variable to the disturbance. Recalling 
that only the measured variable is known to the plant personnel, discuss 
the differences in the results and their importance in analyzing plant per¬ 
formance. 

The transfer function between the set point and the controlled variable is 
given in equation (13.4). Apply the following controller design method to 
arrive at an algorithm other than PID. Assume the input-output response is 
defined at some good performance [i.e., CV(s)/SP(s) = T ( 5 ) is specified]. 
Solve for the controller transfer function that would give this performance. 
Discuss whether this controller can be implemented in analog or digital 
form. 

13.18. The process design in Example 13.8 with a parallel structure is considered 
in this question. The concentration at the outlet of the second reactor is to 
be controlled as in Example 13.8, except that the flow rate of stream A (not 
the solvent) is to be manipulated. 

(a) Based on the different dynamics between the manipulated and con¬ 
trolled variables, predict the control performance and whether it would 
be better than the system in Example 13.8. (Hint: The results from end- 
of-appendix question 1.3 will help in answering this question.) 

(b) Develop a dynamic simulation for this design, tune the feedback PI 
controller, and compare the control performance with Example 13.8. 

13.19. The process with recycle was analyzed in end-of-chapter question 5.14. 
Determine the value of the recycle for which a feedback PI control system, 
controlling the outlet composition C A 2 by adjusting C A o, would give the 
best performance. 

13.20. Chemical reactors were analyzed in question 5.7 for two different reaction 
kinetics. For both kinetics (answered separately), determine which feed¬ 
back control system, controlling C A or C B by adjusting C A0 , would provide 
the best performance. Base your answer entirely on the feedback dynamics, 
not the process gain. 
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As we have seen, single-loop PID feedback control often provides good control 
performance and always yields zero steady-state offset for steplike inputs. The 
controller is easy to use, because the PID control algorithm can be applied on 
nearly all processes without alteration. The performance is very good, considering 
the little information required for design and tuning. As might be expected, the 
simplicity of the PID controller, while reducing engineering effort and computer 
calculations, results in control performance that is not always the best possible. The 
key advantages and disadvantages of single-loop feedback control are summarized 
in Table IV. 1. The methods in Part IV are designed to partially overcome these 
disadvantages. 

The best approach for improving control performance is to eliminate or reduce 
the disturbances by improving the operation of upstream processes. The next best 
solution is to eliminate the difficult factors from the feedback dynamic responses 
by changing the process design. For example, the dead time could be reduced by 
relocating sensors or eliminating sample systems by placing the sensor in situ. If 
the dead time could be reduced sufficiently, much improved control performance 
could be achieved. However, changing the process design is not always possible 
or the best economic decision. 

We assume here that all reasonable process modifications have been made 
and that further enhancements are to be achieved through control modifications. 
To improve the feedback performance, the controller design must be changed in a 
manner that takes advantage of additional knowledge about the process dynamics 
or control objectives through one or more of the following steps: 
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TABLE IV.1 


Summary of single-loop feedback control 

Advantages 

Disadvantages 

Achieves zero steady-state offset for all 
step-like inputs 

Process output must be upset before 
feedback action begins. 

Uses only one measurement 

Feedback control performance can be 
poor for some combinations of disturbance 
frequencies and feedback dynamics. 

Algorithm and tuning rules available 

Poor feedback can cause instability. 

PID does not provide the best possible 
control for all processes. 


• Use additional measures of process outputs. 

• Use additional measurements of the process inputs. 

• Use explicit modelling in the control calculation. 

• Modify the PID algorithm and tuning to match the control objective. 


To achieve enhancements the engineer requires additional process insight, which is 
developed though increased engineering analysis and effort. The additional effort 
can be richly rewarded, because the enhancements can substantially improve con¬ 
trol performance, reducing the integral errors and maximum deviations by more 
than a factor of ten, in some situations. The success of the enhancement depends 
on the quality of the engineering analysis—that is, the accuracy of the process 
insight and the application of the design principles. It is important to remember 
that regardless of the complexity of the enhancements, feedback control from the 
controlled variable should always be retained (when the sensor exists) so that zero 
steady-state offset is achieved. 

Several control enhancements are presented in this part of the book. They 
were chosen based on the following criteria: 

• Reinforce principles. Each of these enhancements partially overcomes one 
or more of the causes for poor control performance. Thus, we have the op¬ 
portunity to reconsider these process-related limitations as we learn how an 
enhancement improves performance. This perspective is important because 
the enhancements are designed based on sound control theory and are not a 
collection of “ad hoc tricks.” 

• Demonstrate practice. The enhancements are some of the most frequently ap¬ 
plied designs in the process industries and can be implemented in commercial 
control equipment at low cost. 

• Apply process insight. The proper use of the enhancements requires sound 
understanding of dynamics and operating goals of the process. Thus, this part 



strengthens our understanding of how the process equipment and operating 
conditions influence designs to achieve specified control performance. 

Each enhancement is briefly summarized in Table IV.2; the reader may find it 
helpful to refer to this table after covering each chapter in this part. 

The single-loop enhancements covered in this part are used widely in pro¬ 
cess control. They become especially important when designing control strategies 
for complex units with many controlled variables, sensors, and final control ele¬ 
ments. Therefore, it is essential that the student master these enhancements before 
progressing to the more advanced, multivariable design topics. 


TABLE IV.2 

Summary of single-loop control enhancements 




New 

New 


Standard 

New 



input 

output 

Process 

or modified 

control 

Enhancement 

Key issue 

measurement 

measurement 

modelling 

PID 

algorithm 

Cascade 

Feedback 

dynamics 


X 


X 


Feedforward 

Feedback 

dynamics 

X 




X 

Nonlinear 

Changing 

X 


X 

X 


processes 

process 

dynamics 






Inferential 

Lack of 
online 

sensor 


X 

X 

X 


Level 

Different 

control 

objective 




X 


Predictive 

Complex 



X 


X 

control 

feedback 

dynamics 
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14.1 m INTRODUCTION 


Cascade 

Control 



Cascade control is one of the most successful methods for enhancing single-loop 
control performance. It can dramatically improve the performance of control strate¬ 
gies, reducing both the maximum deviation and the integral error for disturbance 
responses. Since the calculations required are simple, cascade control can be im¬ 
plemented with a wide variety of analog and digital equipment. This combination 
of ease of implementation and potentially large control performance improvement 
has led to the widespread application of cascade control for many decades. In 
this chapter, cascade control is fully explained with special emphasis placed on 
clear guidelines that, when followed, ensure that the cascade method is properly 
designed and is employed only where appropriate. 

As explained in the introduction to this part, single-loop enhancements take 
advantage of extra information to improve on the performance of the PID feedback 
control system. Cascade uses an additional measurement of a process variable to 
assist in the control system. The selection of this extra measurement, which is 
based on information about the most common disturbances and about the process 
dynamic responses, is critical to the success of the cascade controller. Therefore, 
insight into the process operation and dynamics is essential for proper cascade 
control design. 

The basic concepts of cascade control are presented in the next section. Sub¬ 
sequent sections provide concise explanations of the design criteria, performance 
expectations, tuning methods, and implementation issues. All of the methods and 
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guidelines are presented for continuous systems but are applicable to digital con¬ 
trol systems. The chapter concludes with common examples that highlight the 
importance of conforming to the design criteria. 


14.2 a AN EXAMPLE OF CASCADE CONTROL 

The best way to introduce cascade control is with reference to a simple process 
example, which will be the stirred-tank heat exchanger shown in Figure 14.1. 
The goal is to provide tight control of the exit temperature. The conventional 
feedback controller, with integral mode, attempts to maintain the exit temperature 
near its set point in response to all disturbances and ensures zero steady-state 
offset for steplike disturbances. Suppose that one particularly frequent and large 
disturbance is the heating oil pressure. When this pressure increases, the initial 
response of the oil flow and the heat transferred is to increase. Ultimately, the 
tank exit temperature increases, and the feedback controller reduces the control 
valve opening to compensate for the increased pressure. While the effect of the 
disturbance is ultimately compensated by the single-loop strategy, the response is 
slow because the exit temperature must be disturbed before the feedback controller 
can respond. 

Cascade control design considers the likely disturbances and tailors the control 
system to the disturbance(s) that strongly degrades performance. Cascade control 
uses an additional, “secondary” measured process input variable that has the im¬ 
portant characteristic that it indicates the occurrence of the key disturbance. For 
the stirred-tank heat exchanger, all measured variables are shown in Figure 14.1. 
The secondary variable is selected to be the heating oil flow, because it responds 
in a predictable way to the disturbances in the oil pressure, which is not measured 
in this case. The control objective (tight control of the outlet temperature) and the 
final element are unchanged. 

The manner in which the additional measurement is used is shown in Figure 
14.2. The control system employs two feedback controllers, both of which can 



FIGURE 14.1 


Stirred-tank heat exchanger with single-loop 
temperature control. 



Stirred-tank heat exchanger with cascade control. 








use the standard PID controller algorithm. The important feature in the cascade 459 

structure is the way in which the controllers are connected. The output of the exit 

temperature controller adjusts the set point of the flow controller in the cascade An Example of 

structure; that is, the secondary controller set point is equal to the primary con- Cascade Control 

troller output. Thus, the secondary flow control loop is essentially the manipulated 

variable for the primary temperature controller. The net feedback effect is the same 

for single-loop or cascade control; in either case, the heating oil valve is adjusted 

ultimately by the feedback. Therefore, the ability to control the exit temperature 

has not been changed with cascade. 

As described previously, the single-loop structure makes no correction for 
the oil pressure disturbance until the tank exit temperature is upset. The cascade 
structure makes a much faster correction, which provides better control perfor¬ 
mance. The reason for the better performance can be seen by analyzing the initial 
response of the cascade system to an oil pressure increase. The valve position is 
initially constant; therefore, the oil flow increases. The oil flow sensor quickly 
detects the increased flow. Since the flow controller set point would be unchanged, 
the controller would respond by closing the valve to return the flow to its desired 
value. Because the sensor and valve constitute a very fast process, the flow con¬ 
troller can rapidly achieve its desired flow of oil. By responding quickly to the 
pressure increase and compensating by closing the control valve, the secondary 
controller corrects for the disturbance before the tank exit temperature is signifi¬ 
cantly affected by the disturbance. Typical dynamic responses of the single-loop 
and cascade control systems are given in Figure 14.3a and b for a decrease in oil 
pressure. 

A few important features of the cascade structure should be emphasized. First, 
the flow controller is much faster than the temperature controller. The improvement 
results from the much shorter dead time in the secondary loop than in the original 
single-loop system; as discussed in Chapter 13, shorter dead times improve single- 




Co) ib) 

FIGURE 14.3 

Dynamic response of stirred-tank heat exchanger to a disturbance in oil pressure: (a) with single-loop control; 

( b) with cascade control. 






loop control. If the flow controller were not faster, the cascade design would have 
no advantage. Second, the temperature controller with an integral mode remains 
in the design to ensure zero offset for all disturbance sources. The primary con¬ 
troller is essential, because (1) the secondary variable may not totally eliminate 
the effect of the disturbance, (2) other disturbances that are not affected by the 
cascade will also occur, and (3) the ability to change the primary set point must 
be retained. Remember that the secondary variable is selected for one (or a few) 
common disturbances; in the example, a heat exchanger feed temperature distur¬ 
bance would affect the tank outlet temperature but does not influence the heating 
oil measurement. Finally, the judicious selection of the secondary variable has 
made the improvement possible without using a model of the effect of pressure on 
exit temperature in the control calculation; the only models used were the process 
models used to tune the two feedback controllers. As a result, cascade control 
is not strongly sensitive to modelling errors, although large errors could lead to 
oscillations or instability in one of the feedback controllers. 

The two controllers in the cascade are referred to by various names. The three 
pairs of names in the most commonly used terminology are presented as they 
would be applied to the stirred-tank heat exchanger: 


Temperature 

Flow 

Primary 

Secondary 

Outer 

Inner 

Master 

Slave 


At first encounter, it may seem improper to use two feedback controllers to 
achieve one objective; however, the propriety of cascade control can be established 
by analyzing the degrees of freedom of the system. For the heat exchanger in Figure 
14.2, the material and energy balances were derived in Example 3.7 (for cooling) 
and are repeated here for heating. 


Fo = F\ 
dT_ 
dt 


aFt +l 


VpCp— = F lP C p (T 0 -T)- apb 


<T - 7), in ) 


Fh + 


2 Ph C ph 

The heating flow is related to the valve position (v) according to the 
general equation: 


(14.1) 

(14.2) 


following 


Fh = C v v ——— (14.3) 

V Ph 

where we assume that the pressures and the coefficient C v are constant, although 
they can be variables (see Chapter 16). The final equations are the two cascade 
controllers: 


v = K C 2 ^(F/, sp — Fu) + — J (Fhsp — Fh) dr'J + /„ (14.5) 

Variables: F \, F h , T, (F/,) sp , v DOF = 5-5 = 0 

External variables: F 0 , T 0 , T/, in , T sp 

Parameters: V, p, C p , p h ,C P h,a,b , C v , P 0 , P\, K cU T n , K c2 , 

T/2 , hh, Iv 

The number of degrees of freedom is equal to the number of variables minus 
the number of equations; thus, the system is exactly specified when the primary 
temperature controller set point has been defined. Note that the cascade secondary 
controller was placed between the primary controller output and the valve, which 
added one variable (F/, sp ) and one equation (14.5). 

14.3 m CASCADE DESIGN CRITERIA 

The principles of cascade control have been introduced with respect to the example 
stirred-tank heater. In Table 14.1, the design criteria are summarized in a concise 
form so that they can be applied in general. Adherence to these criteria ensures that 
cascade control is designed properly and used only where appropriate. The first 
two items address the selection of cascade control. Naturally, only when single¬ 
loop control does not provide acceptable control performance is an enhancement 
such as cascade control necessary. As described in Chapter 13, single-loop control 
provides good performance when the dynamics are fast, the fraction dead time 
is small, and disturbances are small and slow. Also, the second criterion requires 
an acceptable measured secondary variable to be available or added at reason¬ 
able cost. 

A potential secondary variable must satisfy three criteria. First, it must in¬ 
dicate the occurrence of an important disturbance; that is, the secondary variable 
must respond in a predictable manner every time the disturbance occurs. Naturally, 
the disturbance must be important (i.e., have a significant effect on the controlled 
variable and occur frequently), or there would be no reason to attenuate its effect. 
Second, the secondary variable must be influenced by the manipulated variable. 
This causal relationship is required so that a secondary feedback control loop 



Cascade Design 
Criteria 


TABLE 14.1 

Cascade control design criteria 
Cascade control is desired when 

1. Single-loop control does not provide satisfactory control performance. 

2. A measured secondary variable is available. 

A secondary variable must satisfy the following criteria: 

1. The secondary variable must indicate the occurrence of an important disturbance. 

2. There must be a causal relationship between the manipulated and secondary variables. 

3. The secondary variable dynamics must be faster than the primary variable dynamics. 


functions properly. Finally, the dynamics between the final element and the sec¬ 
ondary must be much faster than the dynamics between the secondary variable and 
the primary controlled variable. The secondary must be relatively quick so that it 
can attenuate a disturbance before the disturbance affects the primary controlled 
variable. A general guideline is that the secondary should be three times as fast 
as the primary. This could be roughly interpreted as the secondary reaching its 
steady state in one-third the time of the primary after an open-loop step change in 
the manipulated variable. A more proper comparison is the critical frequency of 
each loop; cascade is recommended when the critical frequency of the secondary 
is at least three times that of the primary. Using critical frequencies accounts for 
differences in the fraction dead time as well as the speed of response. 


A cascade control strategy combines two feedback controllers, with the primary 
controller’s output serving as the secondary controller’s set point. The design should 
conform to the design criteria in Thble 14.1, which provide a simple, step-by-step 
procedure for selection. 


14.4 01 CASCADE PERFORMANCE 

In the introduction to this chapter, cascade was described as simple and effec¬ 
tive. The foregoing material has demonstrated how simple a cascade strategy is to 
design. In this section, its effectiveness is shown by calculating its performance 
using simulation and frequency response for a few cascade systems and comparing 
with single-loop control performance on the same systems. Because the number of 
parameters in a cascade system—primary dynamics, secondary dynamics, distur¬ 
bance dynamics—make general performance correlations intractable, this section 
presents sample results for typical process dynamics. The general trends showed 
by these results should be expected for most realistic processes. 

The block diagram in Figure 14.4 presents the structure of a cascade control 
system, which summarizes the flow of information and can be used to evaluate 
important properties such as stability and frequency response. Transfer functions 
can be derived from this block diagram for the relationships between the primary 
controlled variable CVi fr) and the secondary disturbance D 2 (s), the primary dis¬ 
turbance D[ (s), and the primary set point SP] (s), as follows: 

CV.fr) = _ GgGpiis) _ 

D 2 (s) 1 + Gc 2 (s)G v (s)G p 2 (s)G s 2 (s) + G c | (s)G c 2 (s)G v (s)Gp\ (s)G p2 (s)G s l ( 5 ) 

(14.6) 

CV.fr) = _ GrfiWU + Gc2(*)0„(*)Gp2(*)G,2(s)] _ 

£>ifr) 1 + G C 2 (s)G v (s)G P 2(s)G s 2 (s) + G c \(s)G c2 (s)G v (s)G p \(s)G P 2 (s)G S \(s) 

( 14 . 7 ) 

CV.fr) = _ G cl fr)Gc2fr)G p fr)G p2 fr)Gpifr) _ 

SP.fr) 1 + G C 2 (s)G v (s)Gp 2 (s)G s2 (s) + G c \(s)G C 2 (s)G v (s)G P ](s)G P 2 (s)G s i(s) 

(14.8) 
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FIGURE 14.4 

Block diagram of cascade control. 



Cascade Performance 


As apparent from the introductory example, a key factor in cascade control 
is the relative dynamic responses of the secondary and primary processes. Since 
the main reason for cascade is secondary disturbances, the studies in this section 
evaluate the responses to secondary disturbances: step, sine, and stochastic. For 
these simulation studies, the models for the sensors G S i(s) and valve G v (s) were 
taken to be unity, and the dynamics of the plant models and disturbance model are 
given below, with all times scaled so that the process models have a common value 
of the fraction dead time. The relative dynamics between the secondary and primary 
are defined by a variable r), which will be allowed to vary in the following models: 

Cascade System 



Process 

Control 

Secondary: 

1 .Oe (-0,3/,?)s 
Gp2(S) ~ 1 + (0.7 /r,)s 

PI controller tuned accordingly 

Primary: 

1.0e ( -°' 3)i 

Gp '~ 1 + 0.7s 

PI controller tuned accordingly 

Single-Loop System 


Process 

Control 


1 Oer (0 - 3+0 - 3 ^ 

G„ = --- PI controller tuned accordingly 

p [\ + (o.y n )s)(i+ojs) ay 
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Disturbance: 

Instrumentation: 


1.0 

Gd2(s) = , , v 

1 + (0.7/??)$ 

Gjfi(s) = G S 2 (s) ~ G v (s) = 1.0 


Response to Step Disturbance in Z) 2 

In the first cascade system studied, a step disturbance was introduced in the sec¬ 
ondary loop, and no noise was added to the measurements, so that only the effect 
of the cascade could be determined. Both primary and secondary controllers used 
PI algorithms with conventional tuning. The control performance measure is the 
integral of the absolute value of the error, IAE, of the primary controlled variable; it 
is reported as a ratio of cascade to single-loop IAE to characterize the improvement 
achieved through cascade. The resulting control performance is shown in Figure 
14.5 as a function of the relative secondary/primary process dynamics, ??. As ex¬ 
pected, the performance is very good when the secondary is fast. For example, 
the integral error is reduced by 95 percent or more for cascade versus single-loop 
control when the secondary is more than 20 times faster. This large ratio in primary 
to secondary dynamics is typical when the secondary is a fast loop such as a flow 
or pressure controller, which is often the case. However, many cascade control 
systems cannot achieve such a remarkable improvement because the secondary 
loop is not so fast, and some potential secondary loop dynamics are so slow as to 
prohibit cascade control. 

Sample dynamic responses from cascade control are shown in Figure 14.6a 
and b for a step disturbance in the secondary loop, D 2 ($) = — l/s at time = 10. 



h 

FIGURE 14.5 


Relative performance (IAEcasc/IAE s i) of cascade and 
single-loop control for a step disturbance in the secondary 
loop. 
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FIGURE 14.6 


Performance of cascade control for a disturbance in the 
secondary loop: (a) with q = 10; ( b ) with q = 1.0. [Scales for the 
plots: One tick (10%) is 0.15 for primary, 0.50 for secondary, and 

2.5 for manipulated variable.] 


Cascade Performance 


The case with a very fast secondary demonstrates how quickly the secondary con¬ 
troller attenuates the effect of the disturbance. The case of a much slower secondary 
shows much poorer performance, especially the highly oscillatory response. These 
oscillations, which are more troublesome with the continuous disturbances experi¬ 
enced in industrial plants, usually prohibit the use of cascades with PID controllers 
when r] is less than about 3, although Figure 14.5 shows that some improvement 
in performance may be possible. (See Chapter 19 for the use of predictive con¬ 
trollers in cascade control, which can increase the region of acceptable cascade 
performance.) 
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Response to Stochastic Disturbance in D 2 

In a second study, the same process was considered with a stochastic disturbance, 
which is more representative of the responses encountered in a continuously operat¬ 
ing plant. The block diagram and models were the same as for the step disturbance, 
and the disturbance enters in the secondary loop. Again, the system was simulated 
with single-loop PI control and cascade control tuning. The control performance 
in Figure 14.7 is expressed as standard deviation from the set point 


tfsp — 


(SP i - CV,) 2 


\ 1=0 


The standard deviation of the primary variable is plotted as a function of the 
relative secondary/primary dynamics, tj. Again, the faster the secondary, the better 
the performance of the cascade. Dynamic responses for this system are given for 
= 10 in Figure 14.8a through c for open-loop, single-loop, and cascade control, 
respectively. It is important to recognize that the results in Figure 14.7 are limited 
to the specific process and disturbance studied; other disturbances, with different 
frequency components, would give different results, although the general trend 
would be unchanged. 


Response to Sine Disturbance in D 2 

The third cascade study investigates the frequency response, which evaluates the 
control performance of a cascade control system for a range of disturbance fre¬ 
quencies. As described in Chapter 13, the amplitude ratio gives the magnitude 
of the variation in the controlled variable for a unit sine input; thus, the smaller 
the amplitude ratio for a disturbance response, the better the control performance. 



FIGURE 14.7 

Relative control performance of single-loop and cascade 
(ocasc/ffsi) for a stochastic disturbance in the secondary loop. 



The amplitude ratios for the cascade control system were calculated for a range of 467 

frequencies using equation (14.6). Because of the complexity of the algebra, the 

amplitude ratios were evaluated using a computer program similar to the one in Cascade Performance 

Table 13.1, and the results are plotted in Figure 14.9. 

The smaller amplitude ratio for cascade clearly demonstrates the advantage 
of cascade control, especially when the secondary process is much faster than the 
primary (here, tj = 10). The cascade system is very effective for slower disturbance 
frequencies. Both systems have little deviation for very fast disturbances, because 
the process attenuates these disturbances. Also, the effect of the resonant frequency, 
which was discussed in Chapter 13, is attenuated but not eliminated by the cascade 
system. 

Finally, the performance of a cascade control strategy must be evaluated for 
circumstances for which this enhancement was not specifically designed—that is, 
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FIGURE 14.8 

Dynamic responses for stochastic secondary disturbance with t) = 10: (a) open-loop process; (6) single-loop 

control; (c) cascade control. 
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Frequency (rad/time) 

FIGURE 14.9 

Closed-loop frequency responses for single-loop (solid curve) 
and cascade (dotted curve) control with if = 10. 


primary disturbances that do not directly affect the secondary variable and changes 
to the primary set point. By analyzing the cascade block diagram, it is apparent 
that the primary controller can respond to other types of disturbance in the cascade 
design; the only difference is that it manipulates the secondary set point rather 
than the valve directly. One would expect that the responses to unmeasured distur¬ 
bances and set points are not substantially changed. This is the case, with cascade 
providing slightly better performance because it increases the critical frequency 
of the secondary loop (Krishnaswamy et al., 1990). In conclusion, 


Cascade control can substantially improve control performance for disturbances 
entering the secondary loop and is recommended for use when the secondary loop 
is much faster than the primary loop. 


14.5 a CONTROLLER ALGORITHM AND TUNING 

Cascade control can use the standard feedback control PID algorithm; naturally, 
the correct modes must be selected for each controller. The secondary must have 
the proportional mode, but it does not require the integral mode, because the 
overall control objective is to maintain the primary variable at its set point. How¬ 
ever, integral mode is often used in the secondary, for two reasons. First, since a 
proportional-only controller results in offset, the secondary must have an integral 
mode if it is to attenuate the effect of a disturbance completely, preventing the 
disturbance from propagating to the primary. Second, the cascade is often oper¬ 
ated in a partial manner with the primary controller not in operation, for example, 
when the primary sensor is not functioning or is being calibrated. A negative side 
of including integral mode in the secondary controller is that it tends to induce os- 





dilatory behavior in the cascade system, but the result is not significant when the 
secondary is much faster than the primary. Studies have demonstrated the effec¬ 
tiveness of the integral mode in the secondary loop (Krishnaswamy et al., 1992). 
The secondary may have derivative mode if required, but the fast secondary loop 
almost never has a large enough fraction dead time to justify a derivative mode. 

The modes of the primary controller are selected as for any feedback PID 
controller. It is again emphasized that the integral mode is essential for zero offset 
of the primary variable. 

The cascade strategy is tuned in a sequential manner. The secondary controller 
is tuned first, because the secondary affects the open-loop dynamics of the primary, 
CVi (.s)/SP 2 (s). During the first identification experiment (e.g., process reaction 
curve), the primary controller is not in operation (i.e., the primary controller is 
in manual or the cascade is “open”), which breaks the connection between the 
primary and secondary controllers. The secondary is tuned in the conventional 
manner as described in Chapter 9. This involves a plant experiment, initial tuning 
calculation, and fine tuning based on a closed-loop dynamic response. 

When the secondary has been satisfactorily tuned, the primary can be tuned. 
The initial plant experiment perturbs the variable that the primary controller ad¬ 
justs; in this case, the secondary set point is perturbed in a step for the process 
reaction curve. The calculation of the initial tuning constants and the fine tun¬ 
ing follow the conventional procedures. Naturally, the secondary must be tuned 
satisfactorily before the primary can be tuned. 


Timing a cascade control system involves two steps; first, the secondary controller 
is tuned; then, the primary controller is tuned. Conventional initial tuning guidelines 
and fine-tuning heuristics apply. 


14.6 a IMPLEMENTATION ISSUES 

When properly displayed for the operator, cascade control is very easy to under¬ 
stand and to monitor. Since it uses standard PID control algorithms, the operator 
displays do not have to be altered substantially. The secondary controller requires 
one additional feature: a new status termed “cascade” in addition to automatic and 
manual. When the status switch is in the cascade position (cascade closed), the 
secondary set point is connected to the primary controller output; in this situation 
the operator cannot adjust the secondary set point. When the status switch is in the 
automatic or manual positions (cascade open), the secondary set point is provided 
by the operator; in this situation the cascade is not functional. 

Cascade control is shown in a very straightforward way in engineering draw¬ 
ings. Basically, each controller is drawn using the same symbols as a single-loop 
controller, with the difference that the primary controller output is directed to the 
secondary controller as shown in Figure 14.2. Often, the signal from the primary 
controller output is annotated with “reset” or “SP” to indicate that it is adjusting 
or resetting the secondary set point. 

The calculations required for cascade control, basically a PID control algo¬ 
rithm, are very simple and can be executed by any commercial analog or digital 
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Feed 



FIGURE 14.10 

Control design with a switch to bypass 
the cascade and convert to single-loop 
control. 


control system. Two special features contribute to the success of cascade. The 
first is anti-reset windup. The potential exists for any controller in a cascade to 
experience integral windup due to a limitation in the control loop. Analysis for the 
secondary is the same as for a single-loop design; however, reset windup can occur 
for one of several reasons in the primary controller. The primary controller output 
can fail to move the valve because of limits on (1) the secondary set point, (2) the 
secondary controller output, or (3) the valve (fully opened or closed). Thus, the po¬ 
tential for reaching limits and encountering reset windup, along with the need for 
anti-reset windup, is much greater in cascade designs. Standard anti-reset windup 
methods described in Chapter 12 provide satisfactory anti-reset windup protection. 

The second feature is “bumpless” initialization. Note that changing the sec¬ 
ondary status switch to and from the cascade position could immediately change 
the value of the secondary set point, which is not desired. The desired approach is 
to recalculate the primary controller output to be equal to the secondary set point 
on initialization. Many commercial controllers include calculations to ensure that 
the secondary set point is not immediately changed (bumplessly transferred) when 
the secondary mode switch is changed. 

Digital control equipment can use the standard forms of the PID algorithm 
presented in Chapter 11 for cascade control. In addition to the execution period of 
each controller, the scheduling of the primary and secondary influences cascade 
control performance. To reduce delays due to control processing, the secondary 
should be scheduled to execute immediately after the primary. Naturally, it makes 
no sense to execute the primary controller at a higher frequency (i.e., with a shorter 
period) than the secondary, because the primary can affect the process (move the 
valve) only when the secondary is executed. 

The cascade control system uses more control equipment—two sensors and 
controllers—than the equivalent single-loop system. Since the cascade requires all 
of this equipment to function properly, its reliability can be expected to be lower 
than the equivalent single-loop system, although the slightly lower reliability is not 
usually a deterrent to the use of cascade. If feedback control must be maintained 
when the secondary sensor or controller is not functioning, the flexibility to bypass 
the secondary and have the primary output directly to the valve can be included 
in the design. This option is shown in Figure 14.10, where the positions of both 
switches are coordinated. 

Since the cascade involves more equipment, it costs slightly more than the 
single-loop system. The increased costs include a field sensor and transmission 
to the control house (if the variable were not already available for monitoring 
purposes), a controller (whose cost may be essentially zero if a digital system with 
spare capacity is used), and costs for installation and documentation. These costs 
are not usually significant compared to the benefits achieved through a properly 
designed cascade control strategy. 


Cascade control, where applicable, provides a simple method for substantial im¬ 
provements in control performance. The additional costs and slightly lower reliabil¬ 
ity are not normally deterrents to implementing cascade control. 
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The concept of cascade control is consolidated and a few new features are presented 
through further examples in this section. 

EXAMPLE 14.1. Packed-bed reactor. 

The first example is the packed-bed reactor shown in Figure 14.11. The goal is to 
tightly control the exit concentration measured by AC-1. Suppose that the single¬ 
loop controller does not provide adequate control performance and that the most 
significant disturbance is the heating medium temperature, T2. The goal is to de¬ 
sign a cascade control strategy for this process using the sensors and manipulated 
variables given. The reader is encouraged to design a cascade control system 
before reading further. 

Since we are dealing with a cascade control strategy, the key decision is 
the selection of the secondary variable. Therefore, the first step is to evaluate the 
potential measured variables using the design criteria in Table 14.1; the results of 
this evaluation are summarized in Table 14.2, with Y(N) indicating that the item is 
(is not) satisfied. Since all of the criteria must be satisfied for a variable to be used 
as a secondary, only the reactor inlet temperature, T3, is a satisfactory secondary 
variable. 

The resulting cascade control strategy is shown in Figure 14.12. Given the 
cascade design, an interesting and important question is, “How well does it re¬ 
spond to other disturbances for which it was not specifically designed?" Several 
disturbances are discussed qualitatively in the following paragraphs. 

Feed temperature, T1. A change in the feed temperature affects the outlet 
concentration through its influence on the reactor inlet temperature, T3. Therefore, 
the cascade controller is effective in attenuating the feed temperature disturbance. 

Heating oil pressure (not measured). A change in the oil pressure influences 
the oil flow and, therefore, the heat transferred. As a result the reactor inlet tem¬ 
perature, T3, is affected. Again, the cascade controller is effective in attenuating 
the oil pressure disturbance. 

Feed How rate, FI. A change in the feed flow rate influences the reactor outlet 
concentration in two ways: it changes the inlet temperature T3, and it changes 
the residence time in the reactor. The cascade controller is effective in attenuating 
the effect of the disturbance on T3 but is not effective in compensating for the 
residence time change. The residence time effect must be compensated by the 
primary controller, AC-1. 


Further Cascade 
Examples 



Single-loop packed-bed reactor control. 



TABLE 14.2 

Evaluation of potential secondary variables 


Criterion 


A2 FI F2 T1 T2 T3 


1. Single-loop control is not satisfactory Y Y 


2. Variable is measured Y Y 

3. Indicates a key disturbance N N 

4. Influenced by MV N N 

5. Secondary dynamics faster N/A N/A 


Y 

Y 
N 

Y 

Y 


Y Y W\ 

Y Y | Y; 

N Y ;Y; 

N N ;Y; 

N/A N/A j_Y; 
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Feed composition, A2. A change in the feed composition clearly changes the 
reactor outlet concentration. The cascade has no effect on the feed composition 
disturbance, because the composition does not influence T3. Therefore, this dis¬ 
turbance must be totally compensated by the primary feedback controller, AC-1. 


A single cascade control system can be effective in compensating for the 
effects of several disturbances, and given several possible secondary vari¬ 
ables, the one that attenuates the most important disturbances is the best 
choice. 


Conclusions and Tuning. In some cases, the attenuation is complete (at least 
in the steady-state sense); in other cases, the attenuation is partial. Thus, a well- 
designed cascade strategy can produce a major improvement in the control sys¬ 
tem performance. This example is completed by describing the tuning procedure. 

1. Both controllers are placed in the manual mode, and a process reaction curve 
experiment is performed to obtain a model for tuning the secondary controller. 
The model parameters and tuning based on Figure 9.9a and b are 


Model relating valve to T 3 

T 3 controller 

K p 2 = 0.57°C/% 

K c2 = 2.4%/°C 

C/D 

00 

II 

T n = 23 s 

t2 = 20 S 



2. The tuning constants are entered into the secondary controller, which is fine- 
tuned by placing it in automatic and entering small set point changes. 

3. A process reaction curve experiment is performed to obtain the model for 
tuning the primary controller. The model and parameters are 


Model relating T 3 set point to A\ 

A\ controller 

K p \ = -0.19 mole/m 3 /°C 

K c{ = -7.9°C/mole/m 3 

6>, = 20 s 

(changed to -3.7 in fine tuning) 

T| = 50 S 

T n = 54 s (changed to 70 in fine tuning) 


4. The tuning constants are entered into the primary controller, and the controller 
is fine-tuned by placing it in automatic and entering small set point changes. 
Note that the primary loop was somewhat oscillatory, so that the primary con¬ 
troller gain and time constant were modified as noted in the foregoing list. 

5. The response to a disturbance is observed and further fine tuning is applied 
to improve the response, if necessary. A dynamic response to a disturbance 



in the secondary loop is shown in Figure 14.13: D 2 (s) = -1.8/s; G d2 (s) = 
1 /(1+20s). 

Finally, we note that the secondary variable is sensed at the outlet of the 
heat exchanger. This contributes to its effectiveness, because it can sense the 
influence of many inlet temperature and flow disturbances. However, the heat 
exchanger dynamics make the secondary dynamic response somewhat slow. One 
improvement in the design is to add another level of cascade to compensate for 
the oil pressure disturbance, which can be sensed by the flow sensor F2. The 
three-level cascade is shown in Figure 14.14. Industrial designs with three to four 
cascade levels (and sometimes more) are not unusual and function well. 


There is no theoretical or practical limit to the number of cascade levels used as long 
as each level conforms to the design criteria in Table 14.1. 


Cascade control can be applied to a variety of processes. A few more examples 
are presented briefly to demonstrate the diversity of the cascade approach. In each 
case, an analysis similar to the method shown in Table 14.2 was performed to 
design the cascade strategy. 

EXAMPLE 14.2. Fired heater. 

Another typical cascade design is given in Figure 14.15 for furnace control. A 
single-loop temperature controller would adjust the fuel valve directly, making the 
fuel flow subject to pressure disturbances. A cascade control strategy is possible 
that satisfies all of the design criteria. In the cascade, the outlet temperature of the 
fluid in the coil is controlled tightly by adjusting the fuel flow controller set point, 
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FIGURE 14.15 
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FIGURE 14.13 

Dynamic response of the reactor cascade 
controller to a disturbance in the heating 
medium temperature in Example 14.1. 


Three-level cascade control for 
packed-bed reactor. 


Cascade control design for outlet 
temperature. 
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which adjusts the valve position. An additional advantage of the cascade becomes 
apparent when considering the performance of many real control valves; the valve 
does not always move exactly the amount directed by the controller, because 
friction occasionally causes sticking, which degrades control performance. The 
cascade design with a flow controller as its fast secondary corrects quickly for both 
fuel pressure disturbances and the effects of a sticking valve and substantially 
improves control performance over the single-loop strategy. 


Remote location 

©" 



Positioner located at valve 

FIGURE 14.16 

Schematic of a valve 
positioner. 



t 


Fuel 

FIGURE 14.17 

Cascade control design for boiler 
superheated steam temperature control. 


EXAMPLE 14.3. Valve positioner. 

Cascade control principles are used to enhance the performance of control valves 
when fast secondary variables cannot be included in the design. Because of 
a difference between static and dynamic friction, valves often stick and do not 
exactly achieve the percent stem position demanded by the controller output. The 
result is that the valve may remain stationary and then '‘jump" to a value beyond 
necessary to bring the controlled variable to its set point. A standard control valve 
can have a dead zone of up to 3 percent (Buckley, 1970), which can lead to poor 
control and cycling in many control systems. If the valve is being adjusted by a 
fast control loop (and the process is not sensitive to high-frequency cycling), no 
corrective action may be necessary; however, valve sticking can lead to severe 
control performance degradation. 

The effects of valve sticking can be reduced by including a cascade con¬ 
troller called a valve positioner, which is included as part of the valve equipment 
as shown in Figure 14.16. The primary controller, which can be controlling any 
measured process variable, sends a signal, which is interpreted as the desired 
valve stem position (0-100%), to the valve positioner. The positioner senses the ac¬ 
tual valve stem position and adjusts the air pressure until the desired stem position 
is (nearly) achieved. Since a valve positioner uses a proportional-only algorithm, 
it does not give perfect compensation for sticking, but the fast dynamics allow 
a very high controller gain, which reduces the dead zone to about one-tenth of 
that experienced without a positioner. It is worth noting that this improvement is 
achieved with minimal investment. 

Other advantages are provided by valve positioners, such as faster valve 
dynamics and overcoming large pressure drops. They are also used when split 
range control (see Chapter 22) or changes in the valve characteristic (see Chapter 
16) are required. There is no consensus concerning the application of positioners 
on fast loops; some practitioners recommend them on essentially all control valves, 
whereas others recommend them only on slow loops. 


EXAMPLE 14.4. Steam superheater. 

Industrial processes consume large quantities of steam for heating, and machin¬ 
ery consumers require superheated steam for power. As shown in Figure 14.17, 
steam is generated by vaporizing water in a boiler where the heat transfer is by 
radiation. The saturated steam temperature is then raised further by convective 
heat exchange with the hot combustion flue gases. The final steam temperature 
is controlled by injecting water in the steam. The primary temperature controller 
could adjust the spray water valve directly, but the control performance would not 
be good, because of the long dynamic response to disturbances in water flow 




and heat transfer. The control performance is good for the cascade control with a 
secondary that responds quickly to both types of disturbances. 
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EXAMPLE 14.5. Heater exchanger. 

A process stream can be cooled by exchanging heat with a refrigerant, which is 
vaporized in the exchanger. An example is shown schematically in Figure 14.18, 
which shows that the rate of heat transfer can be controlled by adjusting the heat 
transfer area (i.e., the liquid refrigerant level in the exchanger). This operating 
policy is implemented by the cascade control strategy in the figure, where the 
secondary controller responds quickly to disturbances in liquid flow resulting from 
pressure variations. An additional advantage is that the level controller maintains 
the liquid level within acceptable limits; in contrast, a single-loop temperature 
controller directly adjusting the valve might cause liquid refrigerant to carry over 
and damage downstream equipment. 


EXAMPLE 14.6. Pressure control. 

Normally, pressure control involves fast process responses and does not require 
cascade control. However, processes sometimes have large, integrated systems 
with a single valve regulating the pressure. An example is shown in Figure 14.19, 
where the most important pressure is at the initial unit, and the pressure control 
valve is located far downstream. In this case, pressure disturbances near the 
control valve can cause a relatively large, prolonged disturbance in the initial unit's 
pressure. The cascade strategy shown in the figure rapidly senses and corrects 
for downstream disturbances before they upset the integrated upstream unit. 


EXAMPLE 14.7. Jacketed CSTR. 

An often-noted example of cascade control is the jacketed continuous-flow stirred- 
tank reactor shown in Figure 14.20. The dynamics related to the thermal capac¬ 
itance of the jacket fluid and metal could lead to poor control performance with 
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Cascade control for a stirred-tank reactor with 
cooling jacket 




FIGURE 14.21 

A cascade process at a university. 


single-loop control from the reactor temperature directly to the valve that controls 
the inlet temperature of the jacket fluid. A cascade controller uses a secondary 
variable to sense and quickly correct a disturbance in the jacket fluid inlet tem¬ 
perature. 


14.8 i CASCADE CONTROL INTERPRETED 
AS DISTRIBUTED DECISION MAKING 

Cascade control is essentially a way to delegate decision making to the lowest 
level possible. In the packed bed reactor (Figure 14.12), the outlet analyzer AC-1 
determines the desired value for the inlet temperature TC-3. The inlet temperature 
controller is free to determine the valve position that is required to achieve the 
desired value of TC-3. Since the T3 measurement provides rapid indication of 
every effect on the reactor inlet temperature, it can achieve the required inlet 
temperature control better than AC-1. 

Cascade control concepts are not limited to engineering control systems. So¬ 
cial and business organizations also benefit from distributed decision making. A 
hypothetical example of university decision making is given in Figure 14.21. The 
president of a university decides to improve the education of the engineering stu¬ 
dents. Rather than tell each student how and what to learn, the president informs 
the Dean of Engineering. The Dean of Engineering gives directions to the Process 
Control professor, who finally gives directions to the students. The students then 
implement the decision by adjusting their studying to satisfy the requirements set 
by the professor. This distribution allows quick response to disturbances, such as 
competing demands of other courses, and provides frequent feedback from class 
discussion and course quizzes. The distributed system surely functions better than 
the single-loop feedback approach in which the president would obtain feedback 
every few years and then give directions to every student in the university. It also 
might clarify why the secondary controller is sometimes called the “slave”! 





14.9 0 CONCLUSIONS 

In this chapter, the principles of cascade control have been presented, and the 
excellent performance of cascade control for disturbance rejection has been es¬ 
tablished. Cascade control employs the principle of feedback control, since the 
secondary variable is a process output that depends on the manipulated variable in 
a causal manner. Cascade control can improve performance when the dynamics, 
mainly the dead time, of the secondary loop is much shorter than in the primary. In 
this situation, some disturbances can be measured and compensated quickly. As 
shown in Figure 14.3a and b, this improved performance of the controlled vari¬ 
able is achieved without significantly increasing the variability of the manipulated 
variable. Based on this performance improvement and simplicity of implementa¬ 
tion, the engineer is well advised to evaluate cascade control as the first potential 
single-loop enhancement. 

The first few times new control engineers evaluate cascades, they should per¬ 
form a careful study like the one in Table 14.2, but after some experience they 
will be able to design cascade controls quickly by applying the design principles 
without explicitly writing the criteria and table. 

However, cascade control is not universally applicable; the design criteria in 
Table 14.1 can be used to determine whether cascade is appropriate and if so, select 
the best secondary variable. If it is not immediately possible and a significant 
improvement in control performance is desired, the engineer should investigate 
the possibility of adding the necessary secondary sensor. Even with improved 
sensors, cascade is not always possible; for example, a causal relationship between 
the manipulated variable and a measurement indicating the disturbance may not 
exist. Thus, while cascade is usually the preferred choice for enhancing control 
performance, further enhancement approaches are often required, and some of 
these are introduced in subsequent chapters. 

REFERENCES 

Buckley, P., “A Control Engineer Looks at Control Valves,” in Lovett, O. 
(ed.). Paper 2.1, Final Control Elements, First ISA Final Control Elements 
Symposium, May 14-16,1970. 

Krishnaswamy, P., and G. Rangaiah, “Role of Secondary Integral Action in 
Cascade Control,” Trans. IChemE., 70, 149-152 (1992). 

Krishnaswamy, P., G. Rangaiah, R. Jha, and P. Despande, “When to Use 
Cascade Control,” IEC Res., 29, 2163-2166 (1990). 

Verhaegen, S., “When to Use Cascade Control,” In. Tech., 38-40 (October 
1991). 

ADDITIONAL RESOURCES 

Cascade control has been used for many decades and seems to have been developed 
by industrial practitioners, who often do not publish their results. Therefore, the 
inventor(s) of cascade are not known. A few of the earlier papers are listed here. 

Franks, R., and C. Worley, “Quantitative Analysis of Cascade Control,” IEC, 
48, 1074 (1956). 


477 

Additional Resources 



478 


CHAPTER 14 
Cascade Control 


Webb, P., “Reducing Process Disturbances with Cascade Control,” Control 
Eng., 8, 8, 63 (1961). 


QUESTIONS 

14.1. (a) In your own words, discuss each of the cascade design criteria. Give a 

process example in which cascade control is appropriate. 

(b) Identify the elements of the cascade block diagram in Figure 14.4 that 
are process, instrumentation, and control calculations. 

(c) Discuss the topics in Table 13.3 that are influenced by cascade control, 
explaining how cascade improves performance for each. 

( d ) For the mixing system in Figure 13.4 and a disturbance in the feed con¬ 
centration, discuss how you would add one sensor to improve control 
performance through cascade control. 

14.2. Derive the transfer function in equations (14.6) to (14.8) based on the block 
diagram in Figure 14.4. 

14.3. Figure 14.9 presents the frequency responses for single-loop and cascade 
control with a disturbance in the secondary loop. 

(a) Sketch the general shapes and discuss the frequency responses for 
cascade and single-loop control for (1) a set point change and (2) a 
disturbance in the primary loop. 

( b ) Calculate the frequency responses for ( a ), with Gd\(s) = G p] (s) and 
77 = 10. 

14.4. Based on the transfer function in equation (14.6), mathematically demon¬ 
strate the assertion made in this chapter that cascade control performance 
for a secondary disturbance improves as the secondary becomes faster. For 
this question, assume that the secondary controller is a PI. (Hint: Evaluate 
the amplitude ratio as a function of frequency.) 

14.5. Answer the following questions based on the transfer function in equation 
(14.6). 

(a) Mathematically demonstrate the assertion made in this chapter that 
integral mode in the secondary controller is not required for zero offset 
in the primary. 

( b) Demonstrate the assertion that the secondary controller must be tuned 
before the primary is tuned. 

(c) This question addresses why the integral mode is often included for 
the secondary controller. Consider the secondary controller and its 
initial response to a disturbance before any feedback from the primary. 
Calculate the amount that a P-only and a PI controller attenuate the 
same disturbance at the limit of low frequency (i.e., at steady state). 
Based on this analysis, which controller is more effective in attenuating 
a disturbance? 

( d ) When the secondary has an integral mode, the integral error of the 
primary is zero for a step disturbance. The oscillatory effect of the 
integral error being zero is apparent in Figure 14.6. For the transfer 
function in equation (14.6), prove this statement. You may use the 



following relationship (see Appendix D, equation (D.4)): 
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Questions 


14 . 6 . Discuss the proposed cascade control designs. In particular, apply the cas¬ 
cade control criteria to each proposed design, and estimate whether the 
cascade design would provide better performance than single-loop for dis¬ 
turbance response. Consider each of the disturbances separately. To assist 
in the analysis, prepare a block diagram for each process showing the ap¬ 
propriate cascade control systems. 

(a) Jacketed stirred-tank reactor in Figure 14.20; disturbances are (1) 
coolant pressure, (2) coolant temperature, (3) recycle pump outlet pres¬ 
sure, (4) reaction rate (e.g., feed concentration), and (5) feed flow rate. 

(b) Furnace coil outlet temperature control in Figure 14.15; disturbances 
are (1) fuel pressure, (2) fuel density (composition), (3) valve sticking, 
and (4) feed temperature. 

(c) Repeat (b) with the temperature controller cascaded to a valve posi¬ 
tioner, without the flow controller. 

( d) Figure Q1.9a modified for cascade control with a level to flow to valve 
control structure; disturbances are (1) pump outlet pressure and (2) 
second outflow valve percent open. 

(e) Analyzer to reboiler flow cascade for distillation in Figure Q14.6; 
disturbances are (1) heating medium temperature, (2) feed temperature, 
(3) tower pressure, and (4) heating medium downstream pressure. 



14 . 7 . Assume that the dynamic behavior in Figure 14.8a through c are for a fired 
heater in Example 2.1 that has the goal of maximizing temperature without 
exceeding a maximum constraint of 864°C; a performance correlation is 
provided in the example. The primary variable is temperature, which is 
plotted as the top variable in Figure 14.8a throughc. Assume that lOpercent 
of the scale represents 5°C and that the top of the scale is 864°C. 

(a) Estimate the benefit for (1) single-loop and (2) cascade control due 
to the reduction in the variability in the temperature using the data in 
Figure 14.8a through c. 

( b ) Suggest changes to the operating conditions (set points) for both con¬ 
trol designs and repeat the estimation done in (a). 

14 . 8 . The cascade control design shown in Figure 14.12 should have anti-reset 
windup protection. 

(a) Discuss the potential causes for integral windup in this strategy. 

(b) Assume that the feedback algorithms are of the form that use external 
feedback, as described in Chapter 12. Which signal should be used for 
external feedback for each controller? Explain your answer. 

(c) In Chapter 11, the use of digital PI algorithms was explained. Discuss 
the performance of the incremental (velocity) algorithm as the primary 
temperature controller when the valve reaches its maximum or mini¬ 
mum position. Does the velocity form of the PI controller satisfactorily 
prevent reset windup? 
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14.9. The initial design for the packed-bed reactor, Figure 14.11, included a con¬ 
troller for the outlet concentration and a single control valve. The cascade 
control design added a controller but did not change the number of control 
valves. This might seem to violate the degrees of freedom of the process. 

(a) In your own words, discuss why the cascade is possible. 

(b) Perform a degrees-of-freedom analysis to demonstrate that the cascade 
control is possible. You may use the transfer function model of the 
reactor for this analysis. 

14.10. For the following control designs determine which valves should have 
positioners and explain why: (a) Figure 13.19, (ft) Figure 2.2, (c) Figure 
14.1, and (d) Figure 14.2. 

14.11. A stirred-tank chemical reactor is shown in Figure Q14.11 with the follow¬ 
ing reaction. 

A —► B A H nn = 0 


rA 


-k 0 e~ E ' RT 


Ca 

1 +kC x 


The available sensors and control valves are shown in the figure, and no 
changes to these are allowed. The goal is to control the reactor concentration 
of A tightly by single-loop or cascade control, whichever is better. For each 
of the following disturbances, design the best control system and explain 
your design: (a) the heating medium pressure (Pi), ( b ) the solvent feed 
temperature ( T s ), (c) the reactant feed pressure (P 2 ), and (d) the inhibitor 
concentration ( C x ) which enters in the solvent. (To assist in the analysis, 
prepare a block diagram for each case showing the appropriate single-loop 
or cascade control system.) 



14.12. A set of cascade design criteria are presented in an article by Verhaegen 
(1991). Discuss the similarities and differences between the criteria in this 
chapter and in the article. 



14 . 13 . The chemical reactor with separate solvent and reactant feed flows in Fig- 481 

ure Q14.13 has the following properties: well-mixed, isothermal, constant mim 

volume, constant density, and F s F A . The chemical reaction occurring Questions 

is A -> B with the reaction rate, r A = — kC A . The concentrations of the 
reactant and the product can be measured without delay. Follow the steps in 
this question to evaluate two possible cascade control designs to select the 
best for controlling the concentration of product B in the effluent, measured 
by A2. 

(a) The total feed flow ( F 1) and the feed concentration (A 1) are the poten¬ 
tial secondary variables for the reactor effluent primary composition 
control. Construct a control scheme and sketch it on the figure that will 
control these two variables (FI, Al) simultaneously to independent 
set point values. You must add two feedback controllers. If needed, 
you may move the locations of the sensors and valves. 

( b ) Derive the dynamic model Cb(s)/Caq(s) [or A2(s)/Al(s)] under the 
control in (a), i.e., with FI constant. Analyze the model regarding (i) 
order, (ii) stability, (iii) periodicity, and (iv) step response characteris¬ 
tics. 

(c) Derive the dynamic model for Cb(s)/F(s) [or A2(s)/Fl(.y)] under the 
control in ( a ), i.e., with Al constant. Analyze the model regarding (i) 
order, (ii) stability, (iii) periodicity, and (iv) step response characteris¬ 
tics. 

( d ) The results in ( b ) and (c) provide the dynamics of the primary feedback 
process for the two designs. Based on these results, select which of the 
secondary variables would provide the best feedback control for a set 
point change in A2. Your answer should be either A2 —>• Al or A2 —► 

F1. Sketch the feedback (cascade) structure on the figure prepared in 
(«)■ 



FIGURE Q14.13 



482 


CHAPTER 14 
Cascade Control 


Sources Sinks 



FIGURE Q14.16 


( e ) Compare with the solution in Example 13.8 and discuss whether your 
design is expected to provide better or worse control performance for 
A2. 

14 . 14 . In the packed-bed reactor example (14.1) an alternative approach would 
be possible. In the alternative approach, the oil temperature (T2) would be 
measured and the effect on the outlet analyzer due to changes in oil tem¬ 
perature could be calculated and used to adjust the valve. Which design— 
cascade control or the alternative described here—would you prefer? Dis¬ 
cuss why. 

14 . 15 . Prepare a digital computer program to perform the control calculations 
for the cascade control system in Figure 14.12. Include initialization, reset 
windup, and other factors required for good implementation. 

14 . 16 . A vaporizer process is shown in Figure Q14.16. The gas pipe (header) 
has several sources and sinks of gas, and the pressure in the pipe is to be 
controlled by adjusting the amount vaporized. 

(a) A cascade control design has been suggested from the pressure to the 
flow of vapor to the heating medium valve. Evaluate this design using 
the cascade design criteria. Correct it if necessary. 

(b) Discuss the response of this cascade design to a disturbance in the 
heating medium pressure, upstream of the control valve. 

(c) Discuss the response of this cascade design to a disturbance in one of 
the source or sink flows. 

( d ) Discuss the response of this cascade design to a disturbance in the 
liquid temperature. 

(e) Generalize the results from ( b ) through (d) and develop a further cas¬ 
cade design criterion to be added to those in Table 14.1. 



Feedforward 

Control 



15.1 B INTRODUCTION 

Feedforward uses the measurement of an input disturbance to the plant as addi¬ 
tional information for enhancing single-loop PID control performance. This mea¬ 
surement provides an “early warning” that the controlled variable will be upset 
some time in the future. With this warning the feedforward controller has the op¬ 
portunity to adjust the manipulated variable before the controlled variable deviates 
from its set point. Note that the feedforward controller does not use an output of 
the process! This is the first example of a controller that does not use feedback 
control; hence the new nam t feedforward. As we will see, feedforward is usually 
combined with feedback so that the important features of feedback are retained in 
the overall strategy. 

Feedforward control is effective in reducing the influences of disturbances, 
although not usually as effective as cascade control with a fast secondary loop. 
Since feedforward control also uses an additional measurement and has design 
criteria similar to cascade control, engineers often confuse the two approaches. 
Therefore, the reader is urged to master the design criteria for feedforward control 
introduced in this chapter and be able to distinguish between opportunities for 
cascade and feedforward designs. 

15.2 □ AN EXAMPLE AND CONTROLLER DERIVATION 

The process example used in this introduction is the same stirred-tank heat ex¬ 
changer considered in Chapter 14 for cascade control. The control objective is still 
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the maintenance of the outlet temperature very close to its set point, and the ma¬ 
nipulated variable is still the heating medium valve position. The only difference 
CHAPTER IS is that the heating oil pressure is not varying significantly; thus, the cascade con- 

Feedforward Control troller is not required, as shown in Figure 15.1. In this case, the inlet temperature 

varies with sufficient amplitude to disturb the outlet temperature significantly. The 
challenge is to design a feedforward controller that reduces or, in the ideal case, 
eliminates the effect of the inlet temperature on the outlet temperature by adjusting 
the heating oil valve. 

The approach to designing a feedforward controller is based on completely 
cancelling the effect of the disturbance. This concept is sketched in Figure 15.2. 
The disturbance is shown as a step change to simplify the discussion, but the 
analysis and resulting feedforward controller are applicable to any disturbance of 
arbitrary time dependence. The change in the outlet temperature in response to 
the inlet temperature change, shown as curve A, is the response that would occur 
without control. For perfect control, the outlet temperature would not change; 
this is shown as curve B. To achieve perfect control the manipulated variable 
must be adjusted to compensate for the disturbance—that is, to cause the mirror 
image of the disturbance so that the sum of the two effects is zero. Thus, curve C 
shows the effect of the manipulated variable on the outlet temperature; the sum of 
curves A and C is a zero disturbance to the controlled variable, which gives perfect 
feedforward control. The feedforward control algorithm uses the measurement 
of the disturbance to calculate the manipulated variable with the goal of perfect 
feedforward compensation as shown in Figure 15.2. 

The control calculation that achieves this goal can be derived by analyzing the 
block diagram of the feedforward control system in Figure 15.3. The individual 
blocks account for the process G p (s), the disturbance G<i(s), and the feedforward 
controller Gff(s). The equation that relates the measured disturbance to the outlet 
variable is 


CV(s) = [G d (s) + Gff(s)G p (s)]D m (s) (15.1) 



Product 



FIGURE 15.2 


Stirred-tank heat exchanger with single-loop Time domain plot showing perfect feedforward 

feedback temperature control. compensation for a measured disturbance. 







Since equation (15.1) involves deviation variables, the goal is to maintain the outlet 
temperature at zero, CV(s) = 0 (T 0 ' ut (.y) = 0]. The only unknown, which is the 
controller, Gff(s), can be determined by rearranging equation (15.1). The result is 



An Example and 
Controller Derivation 



the most common form of the controller. Assume that the transfer functions have 
the following first-order-with-dead-time forms: 


CV(5) „ , , K p e~*' 

-= G p (s) = — 


CV«_ 0 , W .£^ (,5.3) 


MV(j) ' T5+1 D m (s) TjS + 1 

By substituting equations (15.3) into equation (15.2), the feedforward controller 
would have the form 


Gff = 


MV(j) 

DM 


GAs) 

G p (s) 


\ T\ i g s + 1 ) 


,-^rrs 


(15.4) 


FIGURE 15.3 

Simplified block diagram of 
feedforward compensation. 


where lead/lag algorithm = (T^s + l)/(7| g s + 1) 

feedforward controller gain = Kn = —Kj/K p 
feedforward controller dead time = = Oj — 9 

feedforward controller lead time = T| d = r 
feedforward controller lag time = Tig = tj 

In most (but not all) cases, this form of the feedforward controller provides suf¬ 
ficient accuracy; usually, second- or higher-order terms in the controller do not 
improve the control performance, especially because the models are not known 
exactly. 

The special form of the feedforward controller in equation (15.4) consists of a 
gain, dead time, and a factor called a lead/lag. The dynamic behaviors of gains and 
dead times are well known by this point in the book, but lead/lag is new, so a few 
typical dynamic responses are presented in Figure 15.4. Each result uses the same 
lead/lag algorithm with different parameters as indicated. Again, for simplicity, 
the input is a step change, but the feedforward controller with a lead/lag performs 
well for any input function. The analytical expression for the output of a lead/lag, 
here represented as y(t), for a unit step input can be determined from entry 5 in 
Table 4.1 to be 

y(t) = l + — (15.5) 

r >g 

As seen in the figure of dynamic responses, when the lead time is less than 
the lag time, the manipulated variable rises to the steady-state value as a first- 
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Time 

FIGURE 1S.4 

Example of dynamic responses for a lead/lag 
algorithm. Ratios of lead to lag times are: (a) 0; 

(b) 0.5; (c) 1.0; (d) 1.5; (e) 2.0. 

order response from an initial step that does not reach the final steady state. This is 
consistent with a process whose disturbance time constant is greater than its process 
time constant, requiring the control action to be slowed so that the effects of the 
disturbance and the feedforward controller cancel. When the lead and lag times 
are equal, the manipulated variable immediately attains its steady-state value. This 
is consistent with a process that has equal disturbance and process time constants. 
Finally, when the lead time is greater than the lag time, the manipulated variable 
initially exceeds, then slowly returns to, its steady-state value. This is consistent 
with a process whose disturbance time constant is smaller than its process time 
constant. 

The derivation of the feedforward controller ensures perfect control if (1) 
the models used are perfect, (2) the measured disturbance is the only disturbance 
experienced by the process, and (3) the control calculation is realizable, that is, 
capable of being implemented as discussed in Section 15.7. Neither of conditions 
1 or 2 is generally satisfied. Therefore, feedforward control is always combined 
with feedback control, when possible, to ensure zero steady-state offset! Since the 
process and control calculations are considered to be linear, the adjustments to 
the manipulated variable from the feedforward and feedback controllers can be 
added. A typical feedforward-feedback control system is given in Figure 15.5 for 
the stirred-tank heat exchanger. 

15.3 El FEEDFORWARD CONTROL DESIGN CRITERIA 

The principles of feedforward control have been introduced with respect to the 
stirred-tank heater. In Table 15.1 the design criteria are summarized in a concise 
form so that they can be applied in general. Adherence to these criteria ensures 
that feedforward control is used when appropriate. 

The first two items in the table address the application of feedforward con¬ 
trol. Naturally, only when feedback control does not provide acceptable control 



FIGURE 15.5 

Stirred-tank heat exchanger with 
feedforward-feedback control strategy. 










TABLE 15.1 

Feedforward control design criteria 
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Feedforward control is desired when 


1. Feedback control does not provide satisfactory control performance. 

2. A measured feedforward variable is available. 


A feedforward variable must satisfy the following criteria: 


3. The variable must indicate the occurrence of an important disturbance. 

4. There must not be a causal relationship between the manipulated and feedforward variables. 

5. The disturbance dynamics must not be significantly faster than the manipulated-output 
variable dynamics (when feedback control is also present). 


Feedforward Control 
Design Criteria 


performance is an enhancement like feedforward control employed. The second 
criterion requires that an acceptable measured feedforward variable be available 
or that it can be added at reasonable cost. 

A potential feedforward variable must satisfy three criteria. First, it must in¬ 
dicate the occurrence of an important disturbance; that is, there must be a direct, 
reproducible correlation between the process disturbance and the measured feed¬ 
forward variable, and the measured variable should be relatively insensitive to other 
changes in operation. Naturally, the disturbance must be important (i.e., change 
frequently and have a significant effect on the controlled variable), or there would 
be no reason to attenuate its effect. Second, the feedforward variable must not be 
influenced by the manipulated variable, because the feedback principle is not used. 
Note that this requirement provides a clear distinction between variables used for 
cascade and feedforward. Finally, the disturbance dynamics should not be faster 
than the dynamics from the manipulated to the controlled variable. 

This final requirement is related to combined feedforward-feedback control 
systems. Should the effect of the disturbance on the controlled variable be very fast, 
feedforward could not affect the output variable in time to prevent a significant 
deviation from the set point. As a result, the feedback controller would sense 
the deviation and adjust the manipulated variable. Unfortunately, the feedback 
adjustment would be in addition to the feedforward adjustment; thus, a double 
correction would be made to the manipulated variable; remember, the feedforward 
and feedback controllers are independent algorithms. The double correction would 
cause an overshoot in the controlled variable and poor control performance. In 
conclusion, feedforward control should not be used when the disturbance dynamics 
are very fast and PID feedback control is present. Naturally, if feedback is not 
present (perhaps due to the lack of a real-time sensor), feedforward can be applied 
regardless of the disturbance dynamics. 

Feedforward and Feedback Are Complementary 

Feedforward and feedback control each has important advantages that compensate 
for deficiencies of the other, as summarized in Table 15.2. The major advantage of 
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TABLE 15.2 

Comparison of feedforward and feedback principles 
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Feedforward 

Feedback 

Advantages 

Compensates for a disturbance 
before the process output is affected 

Provides zero steady-state offset 


Does not affect the stability of the 
control system 

Effective for all disturbances 

Disadvantages 

Cannot eliminate steady-state 

Does not take control action until 


offset 

the process output variable has 
deviated from its set point 


Requires a sensor and model 

Affects the stability of the 


for each disturbance 

closed-loop control system 


feedback control is that it reduces steady-state offset to zero for all disturbances. 
As we have seen, it can provide good control performance in many cases but 
requires a deviation from the set point before it takes corrective action. However, 
feedback does not provide good control performance when the feedback dynamics 
are unfavorable. In addition, feedback control can cause instability if not correctly 
tuned. 

Feedforward control acts before the output is disturbed and is capable of 
very good control performance with an accurate model. Another advantage is 
that a stable feedforward controller cannot induce instability in a system that is 
stable without feedforward control. This fact can be demonstrated by analyzing the 
transfer function of a feedforward-feedback system shown in Figure 15.6, which 
accounts for sensors and the final element explicitly: 

CVfr) = G v (,s)G p (s)Gai(s)Gtt{s) + GAs) 

D m (s) ]+G v (s)G p (s)G {bs (s)G c (s) ( 

As long as the numerator is stable, which is normally the case, stability is in¬ 
fluenced by the terms in the characteristic equation, which contain terms for the 
feedback process, instrumentation, and controller. The disturbance process, feed¬ 
forward instrumentation, and feedforward controller appear only in the numerator. 
Therefore, a (stable) feedforward controller cannot cause instability, although it 
can lead to poor performance if improperly designed and tuned. The major limi¬ 
tation to feedforward control is its inability to reduce steady-state offset to zero. 
As explained, this limitation is easily overcome by combining feedforward with 
feedback. 


Feedforward control uses a measured input disturbance to determine an adjustment 
to an input manipulated variable. All feedforward control strategies should conform 
to the design criteria in Table 15.1. 
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FIGURE 15.6 

Block diagram of feedforward-feedback control system with sensors 

and final element 


Feedforward 

Performance 


15.4 D FEEDFORWARD PERFORMANCE 


In the introduction to this chapter, feedforward control was described as simple 
and effective. The foregoing material has demonstrated how simple a feedforward- 
feedback strategy is to evaluate and design. In this section, the performance is cal¬ 
culated for a few sample systems and compared to the single-loop feedback-only 
performance to demonstrate the effectiveness of feedforward. Due to the large 
number of process and controller parameters, no general correlations concern¬ 
ing feedforward control performance are available. The general trends in these 
examples should be applicable to most realistic processes. 

Based on the feedforward design method, perfect control performance is the¬ 
oretically possible; however, it is never achieved because of model errors. There¬ 
fore, a key factor in feedforward control performance is model accuracy. A typical 
feedforward-feedback system consistent with the block diagram in Figure 15.6 was 
simulated for various cases; this system can be thought of as the heat exchanger 
system in Figure 15.5 with the following process and controller models: 


G p (s) = 
Gft(s) — 
Gfk (s) = 


,-!5i 


20 s + 


,-30i 


GAs) = 


205 + 1 


—l.°g- |5v ^ + ! = -l.Oe" 15 * 
20s + 1 


1 GfosCs) = 1 G w (5) = 1 


G c (s) = 0.9 



(15.7) 


The upset was a single step change and no noise was added to the measure¬ 
ments, so that the effect of the control alone could be determined. The actual process 
and disturbance responses remain unchanged for all cases; the feedforward con¬ 
troller tuning parameters are changed to determine the effect of controller model 
errors on performance. The feedback PI controller was tuned by conventional 
means for good regulation of the controlled variable without excessive variation 
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in the manipulated variable. The control performance measure was the integral of 
the absolute value of the error (IAE). 

The resulting control performances are shown in Figure 15.7 as a function 
of the feedforward model error. Note that the results are reported relative to the 
feedback-only performance, so any value less than 100 percent represents an im¬ 
provement through feedforward control; recall that the system returns to the set 



-50 -40 -30 -20 -10 0 10 20 30 40 50 

% Error in controller dead time 



-50 -40 -30 -20 -10 0 10 20 30 40 50 

% Error in lead time 



% Error in controller gain 


FIGURE 15.7 

Example of the effect of errors in the feedforward 
controller on the performance, reported as a percent of 
feedback-only IAE. 




point, even with feedforward errors, because of the feedback controller’s integral 
mode. This provides a simple comparison of performances in a manner useful 
for answering the key question of whether or not to use feedforward to enhance 
feedback. Separate plots provide the control performance with errors in the gain, 
dead time, and ratio of lead to lag times. For each of these plots the other model 
parameters matched the process exactly. 

The results demonstrate that feedforward control can substantially improve 
control performance, even with significant errors in the model used. For this process 
studied, feedforward would provide substantial improvement, maintaining the IAE 
much lower than that achieved by feedback-only for the large range of model errors 
considered. This insensitivity of performance to model error leads to robust control 
over a large range of process dynamics without updating feedforward controller 
parameters. 

Topical transient responses with feedback/feedforward control are given in 
Figure 15.8a through e for the example system subject to a unit step disturbance. 
Figure 15.8a shows the performance of feedback-only, and the next three parts 
show the performance of the feedforward-feedback control system with model 



Feedforward 

Performance 




FIGURE 15.8 


Transient responses: (a) feedback-only; ( b ) feedforward-feedback with -25% error in /fa; (c) feedforward-feedback with 
—20% error in %; (d) feedforward-feedback control with +25% error in the tm; (e) feedforward-only control with -25% 
error in /fa. One tick (10% of scale) is 0.2 for the controlled variable, 0.50 for the manipulated variable, and 1.0 for the 

disturbance. 
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errors as indicated in the caption. These sample results, along with Figure 15.7, 
demonstrate the general insensitivity of feedforward control to model errors, which 
is an important property contributing to its successful application. The final sample 
result, Figure 15.8e, shows the performance with feedforward-only control, which 
gives steady-state offset unless the feedforward gain is perfect—a highly unlikely 
situation. The steady-state offset could be determined by applying the final value 
theorem to equation (15.1). 

The results in Figures 15.7 and 15.8 support a frequently used simplification 
to feedforward control. Often the lead/lag and dead time elements are eliminated 
from the feedforward controller; the resulting controller is usually called steady- 
state feedforward. This simplification does not substantially degrade control per¬ 
formance when the feedforward controller dead time is small and the lead and lag 
times are nearly equal. In conclusion: 


Feedforward control can substantially improve control performance of processes for 
which feedback alone does not provide acceptable control, and its performance does 
not degrade rapidly with model errors. 


15.5 □ CONTROLLER ALGORITHM AND TUNING 

The approach to deriving the feedforward controller algorithm was described along 
with the first example in Section 15.2. The controller is expressed as a transfer func¬ 
tion in that section. Analog implementation would require an electrical circuit that 
closely approximates the transfer function. Such a circuit would be costly and is 
seldom made for a range of model structures, but it is available for the lead/lag 
with gain. To clarify the application of feedforward, the digital implementation of 
a typical feedforward controller is developed here. The programming of the con¬ 
troller is shown schematically in Figure 15.9. The gain is simply a multiplication. 
The dead time can be implemented by using a table of data whose length times the 
sample period equals the dead time. The data location (or pointer) is shifted one 
step every time that the controller is executed. The lead/lag element must be trans¬ 
formed into a digital algorithm. One way to do this is to convert the lead/lag into a 
differential equation by remembering that multiplication of the Laplace transform 


AAA 



% 

Gain Dead time table Lead/lag 

FIGURE 15.9 

Schematic diagram of a digital feedforward controller. 


y«= (Mv ff )„ 






by the variable s is equivalent to differentiation. The resulting equation is 


T dY(t) 

r "ir 


+ Y(t) = T ld 


dXjt) 

dt 


+ X(t) 


(15.8) 


with X the input to the lead/lag and Y the output from the lead/lag algorithm. The 
differential equation can be transformed into a difference equation by approximat¬ 
ing the derivative by a backward difference, as follows: 


dm _ y„- Vi dm _ Xn-m 

dt A t dt At 


(15.9) 


The resulting equation can be rearranged to yield the following equation, which 
can be used in a digital computer to implement the digital lead/lag. 


Y„ = 


Ili 

At 


At 


Yn-l + 


/ 7 i + 1 

At 

T\r 

VZ7 + 1 




Zk 

At 


A + i 

At 


X„_i (15.10a) 


where Y„ = output signal from the lead/lag 
X n = the input signal to the lead/lag 


which can be combined with the gain and dead time for the digital form of a 
feedforward controller with lead/lag: 


MV„ = 


Ik 

At 


Ik +1 

At 


MV„_, +K k 


-Kff 


,J Zi' 

vS- 

Ik 

a i 

Ik + i 

At 


(An)n-r 


(An)n-r-l 


(15.106) 


with T = 0/At. The reader should note that the method in equation (15.10) is 
not the best, most general method for converting the algorithm to digital form. 
Limitations are presented by the delay table, which requires the dead time divided 
by the execution period to be an integer. In addition, the difference approximation 
is accurate only for execution times that are small compared to the lead and lag 
times. More general methods (which require the use of ^-transforms) for deriving 
digital algorithms are available (see Appendix L or Smith, 1972). 

Tuning the feedforward-feedback control system follows a simple, stepwise 
procedure. Either controller may be tuned first; assume that the feedback is tuned 
first, which requires the identification of the feedback process model G p (s). Be¬ 
cause the tuning parameters for the feedforward controller are derived from both 
the disturbance and process models, the disturbance model must also be identified 
through plant experiments, as described in Chapter 6. The disturbance variable 
cannot normally be changed in a perfect step; thus, the statistically based methods 
are usually required for identifying Gj(s). The feedforward control performance 
can be tested through application of feedforward-only control (i.e., with the feed¬ 
back controller temporarily in manual mode). A typical transient result is given 
in Figure 15.8e. The steady-state offset gives an indication of the error in the 


493 

Controller Algorithm 
and lining 



494 

CHAPTER 15 
Feedforward Control 


feedforward gain Kn, which can be further adjusted until the desired accuracy is 
achieved. Some information on the dynamic tuning parameters can be deduced 
from feedforward-only control. Should the controlled variable initially respond in 
the direction indicating too rapid a change in the manipulated variable, either the 
feedforward controller dead time is too short or the lead/lag time constant ratio is 
too high. Trial and error are required to establish the improved values. A method 
for adjusting the lead and lag times is available (Shinskey, 1988), but it requires 
a perfect step change in the disturbance variable. The disturbance is not usually 
controlled independently (if it were controlled, it would not be a disturbance), so 
the method is of limited applicability. 

Finally, some common sense is required when tuning the lead/lag times. First, 
the effect of high-frequency noise in the feedforward measurement should be con¬ 
sidered. The lead/lag calculation can amplify noise when the lead time is much 
greater than the lag time. This effect can be understood by noting that the lead/lag 
calculation approaches a proportional-derivative calculation as the lead time in¬ 
creases (i.e., T\ g & 0): 

T ld s + 1 (15.11) 

T\ s s + 1 

Even without high-frequency noise, the lead/lag could make large changes in the 
manipulated variable when the lead time is much larger than the lag time, as 
shown in Figure 15.4. To reduce the effect of noise and limit the overshoot in the 
manipulated variable, the ratio of lead to lag times should not exceed about 2:1, 
unless plant experience indicates otherwise. 


IXining a feedforward-feedback control system requires that each controller be tuned 
independently, following individual initial and fine-tuning methods. 


15.6 H IMPLEMENTATION ISSUES 

Feedforward control involves a new algorithm for which there is no accepted 
standard display used in commercial equipment. Since the feedforward controller 
responds to disturbances, it has no set point—a factor that changes the display 
significantly. One feature that should be provided in the display is the ability for 
the operator to turn the feedforward and the feedback on and off separately. Also, 
the operator should have a display of the result after the feedforward and feedback 
signal have been combined, because the operator always wants to know the signal 
sent to the final control element. 

The calculations for feedforward, equations (15.4) and (15.10b), are simple 
and can be performed with standard algorithms available in most commercial 
control equipment. The engineer normally connects or “configures” the prepro¬ 
grammed algorithms and enters the tuning constants. An important feature that 
must be included is smooth (i.e., “bumpless”) transfer when feedforward or feed¬ 
back controllers are turned on and off. One approach to bumpless transfer is to 
use incremental or velocity forms of the feedforward and feedback control equa¬ 
tions. Whenever one or both of the controllers is turned off (i.e., put in manual), 
the change in its output becomes zero. When it is turned on, or put in automatic, 




its output calculation resumes. This is an example of an approach to bumpless 
transfer; other approaches are possible (for example, see Gallun et al., 1985). 

The feedforward-feedback control system uses more control equipment—two 
sensors and controllers—than the equivalent single-loop system. Since the system 
performance requires all of this equipment to function properly, its reliability can 
be expected to be lower than that of the equivalent single-loop system. However, 
it is important to note that feedback control is not dependent on the feedforward; 
should any component in the feedforward controller fail, the feedforward part can 
be turned off, and the feedback controller will function properly. Usually, the lower 
reliability does not prevent the use of feedforward. 

Since the feedforward-feedback design involves more equipment, it costs 
slightly more than the single-loop system. The increased costs include a field sen¬ 
sor and transmission to the control house (if the variable is not already available for 
monitoring purposes), a controller (whose cost may be essentially zero if a digital 
system with spare capacity is used), and costs for installation and documentation. 
These costs are not usually significant compared to the benefits achieved through 
a properly designed feedforward control strategy, except that expensive analyzers 
for feedforward are often not economically justified. 


Feedforward control, where applicable, provides a simple method for substantial im¬ 
provement in control performance. The additional costs and slightly lower reliability 
are not normally deterrents to implementing feedforward control. 


15.7 ■ FURTHER FEEDFORWARD EXAMPLES 

In this section the concept of feedforward control is consolidated, and a few new 
features are presented through further examples. 

EXAMPLE 15.1. Packed-bed chemical reactor 

For the first example the packed-bed chemical reactor analyzed in Chapter 14 
is considered again. The process with its feedback control strategy is shown in 
Figure 15.10. The control objective is to maintain the outlet concentration close 
to its set point by adjusting the preheat. Suppose that the feed composition is a 
significant disturbance. The goal is to design a feedforward control strategy for 
this process using the sensors and manipulated variables given. (The reader is 
encouraged to design a control system before reading further.) 

Since we are dealing with a feedforward control strategy, the key decision is 
the selection of the feedforward variable. Therefore, the first step is to evaluate the 
potential measured variables using the design criteria in Table 15.1. The results 
of this evaluation are summarized in Table 15.3. Since all of the criteria must be 
satisfied for a variable to be used for feedforward, only the reactor inlet concentra¬ 
tion, A2, is a satisfactory variable. The resulting control strategy is shown in Figure 
15.11. 

Signal combination. The feedforward controller adjustment must be imple¬ 
mented in a manner that does not interfere with feedback control. First, we assume 
that the process behaves in (approximately) a linear manner, so that the feedfor¬ 
ward and feedback adjustments can be calculated independently and added. 
Second, the correct location for combining the signals can be determined by 
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FIGURE 15.10 


Packed-bed chemical reactor with 
feedback control. 
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TABLE 15.3 


Evaluation of potential feedforward variables 


Criterion 

A2 

FI 

F2 

T1 

T2 

T3 

1. Single-loop control not satisfactory 

ry; 

Y 

Y 

Y 

Y 

Y 

2. Variable measured 

• Y- 

Y 

Y 

Y 

Y 

Y 

3. Indicates key disturbance 

1 1 
«Y ■ 

N 

N 

N 

N 

N 

4. Not influenced by MV 

I Y I 

Y 

N 

Y 

Y 

N 

5. Suitable disturbance dynamics 

!y! 

i_ _i 

msmm 

N/A 

N/A 

N/A 

N/A 

N/A 



FIGURE 15.11 

Packed-bed chemical reactor with 
feedforward-feedback control. 


referring to the feedforward and feedback equations: 

MVff(s) = G a (s)D A2 (s) MVfb(s) = G c (SP ai (*) - CV A1 (j)) (15.12) 

The outputs of the two controllers can be combined when they both manipulate 
the same variable, that is, if MV ff (j) and MVn,^) represent the same manipulated 
variable. This demonstrates that the feedforward controller output can be added 
to the output of the feedback controller which is regulating the same controlled 
variable. In this example, the feedforward controller output is added to the output 
of the outlet analyzer controller, AC-1, as shown in Figure 15.11. The combined 
signal is sent to the valve. 


Solution. To complete this example, the feedforward controller tuning constants 
are calculated from the following empirically determined disturbance and process 
models: 


G d (s) = 


G p (s) = 


Al(£) 

A2(s) 

Al(£) 

u(j) 


0.30e -42t / outlet mole/m 3 \ 
(35s 4-1) \ inlet mole/m 3 / 

—0.108e -44 ' / outlet mole/m 3 \ 
(54s + 1) \ % open / 


(15.13) 


The resulting controller parameters are determined by applying equation (15.4): 


Feedforward gain = —[0.3/(—0.108)] = 2.78 (% open/input g-mole/m 3 ) 

Feedforward lead time =r p =54 min 

Feedforward lag time = r d =35 min 

Feedforward dead time = Q d - 6 P = 42 - 44 = -2 min < 0 (not possible) 

Note that the disturbance dead time is smaller than the process dead time. As a 
result, the feedforward controller requires a negative dead time for perfect com¬ 
pensation. 


A negative dead time is not possible since it requires a prediction of future 
disturbances; this situation is termed not physically realizable. 


However, since the negative dead time is small compared to the process dynam¬ 
ics, we can set it equal to the smallest feasible number, which is zero. Based on 










the example sensitivity of feedforward control performance to errors in this chapter 
(Figure 15.7), a small error in the feedforward dead time should not significantly 
degrade the performance. Note that a better way to resolve this problem would be 
to relocate the inlet analyzer farther upstream; this preferred solution, if possible, 
would provide an earlier warning and give a longer disturbance dead time. 
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Retaining cascade feedback. We started this example assuming that single¬ 
loop feedback would be applied. We learned in the previous chapter (Example 
14.1) that cascade control could provide excellent control performance for many 
disturbances, but not for feed composition. Cascade and feedforward can be 
applied simultaneously to a process to achieve the advantages of both as shown 
in Figure 15.12. The general cascade and feedforward design rules apply to this 
combination; a new design decision involves the proper choice of how to combine 
the feedforward and feedback control signals, which is specified in the following. 


For a feedforward controller designed to maintain a process output variable 
X constant, the feedforward controller output signal is combined with the 
output from the feedback controller that is controlling the same variable X. 


For the reactor example, the feedforward controller is designed to maintain A2 
unchanged; therefore, the feedforward signal is added to the output of the A2 
feedback controller. The feedforward controller design obeys the general design 
rule, equation (15.2), which gives the following result. 


Gn(s) = - 


Al(s)/A2(s) T\ p (s) MVffQr) 


A 1(5)/73^) A2(5) D m (s) 


(15.14) 


EXAMPLE 15.2. Multiple feedforward measurements 

In Chapter 14 we learned that a single cascade controller could attenuate the 
effects of several disturbances. Since feedforward must sense the disturbance to 
be effective, a separate feedforward controller is required for each disturbance. 
Assuming linearity, the resulting calculations from all feedforward controllers can 
be added. An example of two feedforward controllers is shown in Figure 15.13a 
for the stirred-tank heat exchanger. In this case, both the inlet temperature and 
the inlet flow change significantly and independently. Two separate feedforward 
controllers calculate individual adjustments for the heating oil flow. They are both 
added to the feedback signal in the completed strategy. 

Sometimes the effects of several measured disturbance variables can be 
combined into a single feedforward controller. The combination relies on insight 
into the underlying process models. In the case of the stirred-tank heat exchanger, 
the following linearized model can be written: 



Packed-bed chemical reactor with 
combined feedforward and cascade 

control. 


pC v — =pC p F(T ia -T) + KF oil (15.15) 

at 

It is clear that the steady-state effects of the disturbances appear in the first term 
on the right-hand side of the equation. This can be rearranged to yield 

A Foh = ^A[F(7” - r in )l 

A 


(15.16) 
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(b) 

FIGURE 15.13 

(a) Stirred-tank heat exchanger with two feedforward controllers; 

(b) stirred-tank heat exchanger with two disturbance variables 
and one feedforward controller. 


where T* = the outlet temperature filtered or averaged so that 
this calculation does not give an improper response 
to an unmeasured disturbance 

Therefore, the steady-state flow change required to compensate for a disturbance 
can be calculated directly and, assuming it is proportional to the heating valve 
position, output as the feedforward signal. The controller is shown schematically 
in Figure 15.13b. 
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EXAMPLE 15.3. Feedforward-only control 

The derivation for the stirred-tank heat exchanger might lead one to propose a 
feedforward-only controller derived by setting equation (15.15) to zero and solving 
for Foh. As mentioned several times already and demonstrated in Figure 15.8e, 
feedforward-only control cannot eliminate steady-state offset. Thus, it should be 
used only when feedback is not possible. 


Further Feedforward 
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EXAMPLE 15.4. Ratio control 

One particularly simple form of feedforward control is widely used to maintain 
flows at desired proportions. The process situation is shown in Figure 15.14a, 
where one of the flows is controlled by another strategy; as far as this process is 
concerned, it is uncontrolled or wild. The other stream can be manipulated with 
a valve to achieve the desired composition of the blended stream. The feedfor¬ 
ward/feedback strategy measures the flow rate of the uncontrolled stream and 
adjusts the flow of the manipulated stream to maintain the desired ratio. The feed¬ 
forward controller uses the measurement of the uncontrolled flow, multiplied by 
a gain, and outputs to the set point of the feedback flow controller. Because of 
the fast dynamics, no dead time or lead/lag is required. Note that the ratio control 
provides feedforward-only compensation; if strict composition control is required, 
a composition sensor can be placed in the mixed stream and used with a PID 
controller to achieve zero steady-state offset by adjusting the ratio R. 

An alternative approach is also used in practice. This approach achieves 
the same goal, but it does not satisfy the criteria for a feedforward controller. 
The ratio controller shown in Figure 15.14b uses the two flow measurements to 
calculate the actual ratio and adjusts the valve to achieve the desired value. The 
control calculation in this design could be a feedback PI controller with a calculated 
controlled variable rather than a single measured variable. Again, this ratio design 
does not guarantee zero steady-state offset of the composition. 


EXAMPLE 15.5. Flow disturbances 

As the material passes through the plant, the flow rate is varied to control inven¬ 
tories. As a result, the flow may not be as constant throughout the plant as it is at 
the inlet. This situation is further explained in Chapter 18 on level control. Feed¬ 
forward control is very effective in attenuating disturbances resulting from flow 
rate disturbances. An example of fired-heater control is given in Figure 15.15. The 
temperature of the fluid in the coil at the outlet of the heater is to be controlled. 
The flow rate sensor is a reliable, inexpensive feedforward measurement, and 
the combined feedforward-feedback strategy is very effective. Similar flow rate 
feedforward can be applied to other processes such as distillation and chemical 
reactors. 


Uncontrolled 
(wild) flow 




Blended flow 



— 

Manipulated flow 


(a) 


Uncontrolled 
(wild) flow 



(b) 

FIGURE 15.14 

Flow ratio control: (a) steady-state 
feedforward; ( b ) feedback. 


EXAMPLE 15.6. Fired heaters. 

Several types of feedforward control to improve the control performance of a fired 
heater are possible. One approach, shown in Figure 15.16, measures the inlet 
temperature. If this temperature varies significantly and tight outlet temperature 
control is important, the feedforward strategy shown can be used to compensate 
for the disturbance. 
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Flue gas 



Example of feed rate feedforward control applied 
to a fired heater. 


Flue gas 



Another example of feedforward control is given in Figure 15.17 for a heater 
with two fuels. In this case, one fuel is not controlled by the heater system; this 
can occur when the fuel is a byproduct in another section of the plant and large 
economic incentives exist for consuming the fuel (designated as A in the figure). To 
prevent the variations in the byproduct fuel from upsetting the outlet temperature, 
a feedforward controller adjusts the manipulated fuel flow (B) to maintain the heat 
fired (i.e., the sum of the fuel rates times their heats of combustion) at the desired 
value. The feedforward controller usually needs no dynamic elements but must 
consider the differences in heats of combustion in its calculation. Control designs 
like the one in Figure 15.17 are widely used in petrochemical plants, which have 
large fuel byproduct streams. 

Also, the general principle demonstrated in the two-fuel furnace can be ap¬ 
plied to any process that has two potential manipulated variables of which one 
is adjusted by another control strategy (i.e., a wild stream). Other examples in¬ 
clude (1) the use of two reboilers in distillation, with one (wild) reboiler duty varied 
to maximize heat integration and the other manipulated to control product purity, 
and (2) balancing electrical demand with varying (wild) in-plant generation and 
manipulated purchases. 


Example of inlet temperature 
feedforward control applied to a fired 
heater. 


EXAMPLE 15.7. Distillation 

Distillation columns can have slow dynamics with long dead times and analyzer 
delays. Therefore, distillation is a good candidate for feedforward control when 
product composition control is important. In addition, a distillation column has 
two products, so a disturbance can affect two different controlled variables. The 
feedforward controller in Figure 15.18a provides compensation for changes in the 
feed flow rate by adjusting the reflux and reboiler flows. The feedforward controller 
shown in Figure 15.18b provides compensation for feed composition. (Note that 









Flue gas 



Example of feedforward compensation for a 
wild fuel being consumed in a fired heater. 
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FIGURE 15.18 

Feedforward control in a two-product distillation tower: (a) from feed rate; (b) from feed composition. 

the feedforward controllers for multivariable systems cannot be designed using 
equation (15.2) for each controller; interaction must be considered. See question 
21.17.) The disturbance models for this controller must be identified empirically. 
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EXAMPLE 15.6. Controller Design Issues 

The direct application of the feedforward controller design equation (15.2) can lead 
to poor performance in some situations, which are discussed in this example. 


a. Unstable controller. The design equation is repeated below and applied to 
a process with an inverse response in the feedback dynamics. (Reasons for the 
numerator dynamics were explained in Section 5.4, and related process examples 
are presented in Appendix I.) 


Disturbance: 

Feedback: 


fas + l)fas + 1) 

r m 

p fas + l)fas + 1) 


Unstable controller: 


G ff (s) = - 


GAs) 

G p (s) 


_ Kj _ fas + l)fas + 1) 

fas + l)(r 2 s + 1) K p (t 3 s-1) 


Kd/K, 

fas ~ 1) 


In these equations, all r, > 0. The key result is instability of the feedforward con¬ 
troller, which is indicated by the positive pole (root of the denominator of the trans¬ 
fer function). This would lead to unacceptable performance. One corrective step, 
which is applied below to the example, is to simply remove the unstable pole from 
the controller. 


Stable controller: G ff (s) = -K d /K p 


This approach will yield a stable feedforward controller but might not give good 
performance. A potentially better method is presented in Chapter 23 on model 
predictive control. 

b. Pure derivative controller. The design equation is repeated below and 
applied to a process with feedback dynamics of higher order than disturbance 
dynamics. 

K K 

Disturbance: G d (s) = — d — Feedback: GAs) = -—f-— 

r,s + l ' fas + l)fas+1) 


Controller: G ff (s) = = 

Gp w) 


Kd fas + l)fas + 1) 
T|S + 1 K p 


gdfasjH) 

K P 


In these equations, all r, > 0. The controller has a pure derivative, and if the 
feedback process were of even higher order the controller would have second 
or higher derivatives. It is good practice to have the order of the feedforward 
controller denominator at least the same or higher than the numerator order. One 
corrective step, which is applied below, is to add a filter to the controller. 


Improved controller: G ff (s) = - Kd ^ 2S + ^ 

KpfafS +1) 

While the controller above does not satisfy the original design rule, it is expected 
to provide better performance for noisy disturbance measurements. 


Feedforward is not appropriate 
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Feedforward control is not generally required for 
level control, where the outlet flow manipulations 

should be smooth. 



Feedforward Control 
Is General 


Feedforward control is not generally required for 
nearly linear processes with little dead time. 


Feedforward Is Not Used Everywhere 

Sometimes engineers have the impression that because feedforward is generally 
a good idea, it should be applied in all process control strategies. This is not the 
case. As strongly emphasized in the first design criterion, feedforward is applied 
when feedback control does not provide satisfactory control performance. Thus, 
feedforward is not used if tight control is not needed or if feedback control provides 
good performance. An example of the first situation is given in Figure 15.19, where 
the level can vary within limits without influencing the plant economics or safety; 
thus, feedforward is not applied. An example of the second situation is given in 
Figure 15.20, where tight control of the mixing process is possible with feedback- 
only control because the process has almost no dead time. 


15.8 a FEEDFORWARD CONTROL IS GENERAL 

Feedforward control is a way to take corrective action as soon as information on 
a disturbance is available. In the packed-bed reactor (Figure 15.12), the inlet ana¬ 
lyzer AC-2 provides an early warning of a disturbance. The feedforward controller 
adjusts the inlet temperature without interfering with the feedback controller. 

Feedforward control concepts are not limited to engineering control systems. 
Social organizations also benefit from early response to events. In business, feed¬ 
forward may be termed “positive preactions”; whatever the name, the improved 
performance can be dramatic. A hypothetical example of university decision mak¬ 
ing is given in Figure 15.21. The goal is to have needed faculty, staff, and buildings 
available for all of the students attending the university. A major variable is the 
number of students. Therefore, the total number of young people (e.g., 14 years 
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FIGURE 15.21 

Example of feedforward control applied to a 
planning decision in a university. 


old) in the population can be measured or estimated. Should this number increase 
significantly, the facilities can be increased over several years so that the university 
is able to accommodate the demand when it occurs. 


15.9 n CONCLUSIONS 

Feedforward control does not employ the feedback principle; it manipulates a sys¬ 
tem input based on the measured value of a different system input. This approach 
to control requires new algorithms, with the proper algorithm depending on mod¬ 
els of the disturbance and feedback dynamics. As shown in Figure 15.8a through 
e, improved performance is achieved without increased variation in the manipu¬ 
lated variable and without the requirement of highly accurate models. Based on 
this performance improvement and simplicity of implementation, the engineer is 
well advised to evaluate potential feedforward controls for important controlled 
variables. 

The first few times engineers evaluate feedforward, they must perform careful 
studies like the one in Table 15.3, but after gaining some experience they will be 
able to design feedforward control strategies quickly without explicitly writing the 
criteria and table. 

Feedforward control is not universally applicable; the design criteria in Table 
15.1 can be used to determine whether feedforward is appropriate and, if so, to 
select the best feedforward variable. If it is not immediately possible and improved 
performance is required, the engineer should investigate the possibility of adding 
the necessary sensor. However, feedforward control is effective only for the mea¬ 
sured disturbance(s); thus, additional enhancements, such as cascade and feedback 
from the final controlled variable, should be used in conjunction with feedforward. 
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QUESTIONS 

15 . 1 . (a) In your own words, discuss the feedforward control design criteria. 

Give process examples in which feedforward control is appropriate 
and not appropriate. 

{b) One of the design criteria for feedforward control requires that the 
feedforward variable not be affected by the manipulated variable. Why 
is this required? If the variable were influenced by the manipulated 
variable, what control design would be appropriate? 

(c) In a feedforward-feedback control strategy, which controller should be 
tuned first? What would be the effect of reversing the order of tuning? 
Clearly state any assumptions you have used. 

(d) Describe how the addition of feedforward control to an original 
feedback-only system affects the resonant frequency and the amplitude 
ratio (controlled to measured disturbance) at the resonant frequency. 

(e) Discuss why the last design rule in Table 15.1 is valid when feed¬ 
forward is applied in conjunction with feedback. Is it also valid for 
feedforward-only? 

if) Review the factors in Table 13.3 and determine which factors are in¬ 
fluenced by feedforward control. 

15 . 2 . In this question, you will design control strategies for the system of stirred 
tanks in Figure Q15.2. The measurements and manipulated variable are 
shown in the figure; you may not alter them and need not use them all. The 
following information will help you design the strategy. 



Questions 



FIGURE Q15.2 
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(1) The goal is to control the temperature T 4 at the outlet of the last 
tank tightly. The major disturbance is the temperature of one of 
the feed streams, Ti. 

(2) The flow rates to the stirred tanks cannot be changed by your 
control strategy and are essentially constant; F\ = 5 m 3 /min and 
Fi = 5 m 3 /min. 

(3) The volume of each tank is 10 m 3 . 

(4) At the flow rates given, the steady-state gain for the heating coil 
is l°C/% (change in first tank temperature per change in % valve 
opening). The sensor, valve, and heating coil dynamics are negli¬ 
gible, and the heat losses are small but not negligible. 

( 1 a ) Decide whether a single-loop feedback control strategy is possible. 
Explain your answer. If yes, draw the single-loop control system on 
the process figure and define each control algorithm. 

(b) Decide whether a cascade control strategy is possible, yes or no. Ex¬ 
plain your answer. If yes, draw the best cascade control system on the 
process figure and define each controller algorithm. 

(c) Decide whether a feedforward/feedback control strategy is possible, 
yes or no. Explain your answer. If yes, draw the best feedforward/feed¬ 
back control system on the process figure and define each controller 
algorithm. 

id) Rank the strategies in (a) through (c) that are possible according to their 
control performance; that is, the ability to control the outlet temperature 
T 4 . Explain the ranking. 

(e) For the best strategy, calculate all parameters for the control algo¬ 
rithms: gains, integral times, leads, lags, dead times, and so forth. 
(Hint: You must develop analytical models and transfer functions for 
the relevant input-output relationships.) 

15 . 3 . The feedforward-feedback strategy has an additional sensor and controller. 
How is it possible to add these and not violate the degrees of freedom of 
the system? For the heat exchanger example in Section 15.2, 

(a) Derive all equations describing the process and the feedforward- 
feedback controllers. 

(b) Analyze the degrees of freedom to verify that the system is exactly 
specified. 

(c) Discuss how you would solve the equations in (a) numerically for a 
dynamic response (simulate the process with a digital control system). 

15 . 4 . Propose feedforward/feedback control designs for the following systems, 
where possible. Draw the design on a sketch of the process and verify the 
design using the feedforward design criteria. The processes, with [con¬ 
trolled/disturbance] variables, are 

(a) Example 14.1 [A1/T2] 

(b) Figure 14.17 (T2/fuel flow) 

(c) Figure 14.20 [tank temperature/fresh coolant temperature] 

( 1 d ) Figure Q13.2 [outlet concentration/CA] 

(e) Example 7.2 [*a3/C*a)b] 

( f ) Figure Q8.12 [outlet concentration (AC)/ flow of stream C] 



15.5. Derive the transfer function in equation (15.6) based on the block diagram 
in Figure 15.6. 

15.6. Verify that a feedforward-feedback control system has zero steady-state 
offset for a measured disturbance. What restrictions must you place on the 
disturbance, feedback process, and control algorithms in your derivation? 

15.7. The following transfer functions have been evaluated for the process in 
Figure 15.15, with time in min: 

Toutfr) _ 0.40c- 1 - 8 * r ou ,( 5 ) = 0.1<?~ llv 

T in (s) 3.5 s + 1 Ff U ei(j) 4.2 s + 1 

(a) Determine the continuous feedforward and feedback algorithms and 
the values of all adjustable parameters. 

( b ) Determine the digital feedforward and feedback algorithms and the 
values of all adjustable parameters, including the execution period. 

15.8. ( a ) Describe how to program a digital feedforward-feedback controller 

so that the automatic/manual status of each controller can be changed 
independently. 

( b ) Describe how to initialize the feedforward controller. 

(c) Derive the algorithm for an incremental (or velocity) form of the feed¬ 
forward algorithm that calculates the change in the manipulated vari¬ 
able at each execution. 

(i d ) Discuss the possibility of integral windup caused by feedforward con¬ 
trol without feedback. 

15.9. In Example 15.2, the tank temperature was replaced with a “filtered” value, 
T*. Explain why this was done. Can this analysis be generalized to an 
additional criterion for feedforward control with calculated variables? 

15.10. In the description of the control design for a packed-bed reactor in Example 
15.1, the correct location for combining the feedforward and feedback 
controllers is explained. Discuss the behavior of the control system for the 
two improper locations, adding the feedforward to ( a ) the outlet of the T 3 
controller and ( b ) the outlet of the F 2 controller. How would the control 
system respond to a disturbance for each of the improper connections? 

15.11. The feedforward control of a second-order process is analyzed in this ques¬ 
tion. The structures for the open-loop process models for two inputs to the 
controlled variable are given in the following equations: 


Inverse response: 


CV(s) = £i(-tu + 1) 
XI (s) ~ (r 2 s + l)(r 3 s + 1) 


Overdamped: 


G 2 (s) = 


CWjs) 

X2(s) 


K2 

(t4J + 1 )(TsJT + 1) 


with all r > 0. Depending on other design factors, either X 1 or X2 can serve 
as the manipulated variable, with the other being the measured disturbance. 
Answer the following questions about this system. Answer parts (a) to (c) 
with XI the manipulated variable and X2 the measured disturbance. 
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(a) Is perfect feedforward control (no deviation in the controlled variable) 
possible for this system? 

(b) Derive the feedforward controller transfer function for this system. 
Sketch the shape of the response of the manipulated and controlled vari¬ 
ables to a step change in the measured disturbance with feedforward- 
only control. 

(c) Based on the answers in ( a ) and (b), propose a modified feedforward 
controller which provides acceptable performance. Substitute numer¬ 
ical values for the reactor process. 

(d) Answer the same questions in (a) through (c) for the modified process 
system in which X2 is the manipulated variable and X 1 is the measured 
disturbance, opposite from the original situation. 

(e) Can you use the results in parts (a) through (d) to develop a general 
conclusion on the effects of (positive) zeros on feedforward control 
performance? 

(Note: The system in parts (a) through (c) can be thought of as the series 
chemical reactors in Example 1.2, but the solution to this problem is general 
for processes with positive zeros.) 

15.12. Given the processes in Figure Q15.12, place them in order of how much 
each would benefit from feedforward control for a disturbance measured 
by analyzer A. Explain your ranking. 

15.13. The feedforward control from set point given in Figure Q15.13 has been 
suggested. 

(a) Derive the transfer function for the set point feedforward controller, 

G v (s). 

(, b ) Discuss this controller. Is it possible to implement, and how would it 
affect the dynamic response of the controlled and manipulated vari¬ 
ables? 

(c) Discuss the need for a set point feedforward if the feedback controller 
uses a PID algorithm. 

15.14. The feedforward controller was derived to provide perfect control. Using 
the block diagram in Figure 7.4, derive the feedback controller that gives 
perfect control. Are there any reasons why this controller is not practical? 

15.15. (a) Verify that all designs in Section 15.7 satisfy the feedforward design 

criteria. 

(b) In the description of flow ratio control, it was not specified whether the 
orifice A P measurements were used or their square roots were used. 
Which is correct and why? 

(c) Derive the analytical relationship in equation (15.5) for the output of 
a lead/lag element when the input experiences a step change. 

( d ) Explain the feedforward calculation for Figure 15.17. Give the equa¬ 
tions and the physical property data required. 

15.16. Discuss one example of feedforward control in each of the following cat¬ 
egories: university, government, and business organizations. 
















Adapting 
Single-Loop 
Control Systems 
for Nonlinear 
Processes 



16.1 n INTRODUCTION 

Linear control theory provides methods for the analysis and design of many suc¬ 
cessful control strategies. Control systems based on these linear methods are gener¬ 
ally successful in the process industries because (1) the control system maintains 
the process in a small range of operating variables, (2) many processes are not 
highly nonlinear, and (3) most control algorithms and designs are not sensitive to 
reasonable (±20%) model errors due to nonlinearities. These three conditions are 
satisfied for many processes, but they are not satisfied by all; therefore, the control 
of nonlinear processes must be addressed. 

It is possible that the response of a nonlinear system could give better perfor¬ 
mance than a linear system and, therefore, a nonlinear control calculation might 
be better than any linear algorithm. However, there is no recognized, general non¬ 
linear control theory that has been widely applied in the process industries. (An 
example of a nonlinear algorithm applied to level control is given in Chapter 18.) 
Therefore, the goal of the approaches in this chapter is to attain the performance 
achieved with a well-tuned linear controller. To reach this goal, the control methods 
in this chapter attempt to achieve a system that has a linear closed-loop relation¬ 
ship. If an element in the control loop is nonlinear, the approach applied here is to 
introduce a compensating nonlinearity, so that the overall closed-loop system be¬ 
haves approximately linearly. This compensating nonlinearity may be introduced 
in the control algorithm or in physical equipment, such as a sensor or final element. 

The next section begins the analysis by introducing a method for determining 
when nonlinearities significantly affect a control system. This analysis is extended 
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to evaluate the proper fixed set of tuning constants for a linear PID controller applied 
to a nonlinear process. If a fixed set of tuning constants and linear instrumentation 
are not satisfactory, improvements can be achieved by adapting either the control 
calculation or the equipment responses. First, a common method for adapting the 
controller tuning in real time to compensate for nonlinearities is presented. Then 
the same concept is applied to introduce compensating nonlinearities in selected 
instrumentation, such as the control valve, to improve performance. 


16.2 □ ANALYZING A NONLINEAR PROCESS WITH LINEAR 
FEEDBACK CONTROL 

A relatively simple process is analyzed in this section so that analytical models 
can be derived; the general approach is applicable to more complex processes. 
The process is shown in Figure 16.1a, which is the three-tank mixer considered 
in Examples 7.2 and 9.2. The outlet concentration of the last tank is controlled by 
adjusting the addition of component A to the feed to the first reactor. The equations 
describing the system are derived in Example 7.2 and summarized as follows: 



Transfer Functions Variables 

G c (s) = Controller C V(s) = Controlled variable 

G v (s) = Transmission, transducer, and valve C V,„(s) = Measured value of controlled variable 

G p (s) = Process D(s) = Disturbance 

G s (s) = Sensor, transducer, and transmission E(s) = Error 

G d (s) = Disturbance SP(r) = Set point 

(b) 

FIGURE 16.1 

Mixing process: (a) schematic; ( b ) control system block diagram. 










Vi— = ( F a + F B )(x M i- 1 ) - x Ai ) for / = 1 , 3 (16.2) 

Note that the differential equations are nonlinear. We can linearize these equations, 
express the variables as deviations from the initial steady state, and take the Laplace 
transforms to yield the transfer function model: 


■*A3 G p (s)G v (s)G c (s ) G p (s)G c (s ) 

-=---~ —-- (16.3) 

SP(5) 1 + G p (s)G v (s)G c (s)G s (s) 1 + GolOO 

where the valve transfer function is a constant lumped into G p (s ) and the sensor 
G s (s) = 1.0. 
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where 


G ol (s) = G p (s)G v (s)G c (s)G s (s) * G p (s)G c (s) 




;G c (s ) 


(rs + l ) 3 

Frf 1 ] 00028 


(16.4) 

(16.5) 


V 

F B s + Fas 


(16.6) 


This linearized model clearly demonstrates how the gain and time constants 
depend on the volumes, total flow, and compositions. We will consider the response 
of the system for various values of one operating variable, the total flow rate 
(Fa + F b ), which has the greatest variability for the situation considered here. In 
the scenario, the production rate changes periodically and remains nearly constant 
for a long time (relative to the feedback dynamics) at each production rate. The 
process dynamics are summarized in Table 16.1 for the range of flow variability 
(i.e., production rates) expected. The variation in the process dynamics due to the 
nonlinearity is not randomly distributed, because in this example the effect of an 
increase in flow rate is to decrease the process gain and time constants concurrently. 
This type of correlation is typical for nonlinear processes and demonstrates the 
need for careful analysis of the dynamic responses at different operating conditions. 


TABLE 16.1 

Summary of process dynamics and tuning for the three- 
tank mixing process* 


Case Process parameters Controller parameters 



F b 

K„ 

T 

K e 

T, 

T d 

A 

3.0 

0.087 

11.4 

13.8 

25.1 

1.82 

B 

4.0 

0.064 

8.6 

18.6 

19.0 

1.4 

C 

5.0 

0.052 

6.9 

23.1 

15.2 

1.10 

D 

6.0 

0.043 

5.7 

27.9 

12.7 

0.92 

E 

6.9 

0.039 

5.0 

30.0 

11.0 

0.80 


*For the combinations of process dynamics and tuning in this table, the gain 
margin for each case is 1.7. 
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Naturally, other factors, such as incorrect data in fundamental models or noise 
in empirical models, contribute to the modelling errors, but change in operating 
conditions is often the dominant factor causing the difference between models and 
true process behavior. 


The values in Table 16.1 demonstrate that the changes in dynamic model parameters 
due to nonlinearity can be highly correlated. 


The effects of nonlinearity on two important system characteristics, stability 
and performance, are now investigated. As demonstrated in Chapter 10, the process 
dynamics influence the stability of a closed-loop system, and to achieve a stable 
control system the tuning parameters are adjusted to be compatible with the process 
dynamics. The PID feedback controller tuning for this process has been determined 
for five different flow rates that span the expected range of operation. (Note that 
Case E in Table 16.1 is the same as Example 9.2.) The tuning was determined by 
evaluating the process reaction curve, fitting an approximate first-order-with-dead- 
time model, and using the Ciancone correlations. Similar trends would be obtained 
for other tuning methods such as Ziegler-Nichols. It is important to recognize that 
the tuning reported in Table 16.1 has a reasonable margin from the stability limit for 
each case. In fact, the gain margin for all cases is about 1.7. The results in the table 
clearly indicate that the values of “good” tuning constants change significantly, 
over 50%, for the range of process operating conditions considered. This analysis 
indicates that the nonlinearity is significant for the changes in flow considered in 
this scenario. 


Calculating the controller tuning for cases covering the range of dynamics occurring 
in the process provides a basis for determining whether the controller tuning should 
be adapted. 


The simplest control design approach would be to use a single set of tuning 
constants for all the operating conditions. The results in Table 16.1 provide the 
basic information needed to decide whether to use this tuning approach. If the 
tuning constants were not very different, it would be concluded that either the 
nonlinearities are mild or the operating conditions do not change much from the 
base case. For either situation, a constant set of tuning constants, which could be 
taken as the average values, would yield good PID feedback control performance. 

If the proper values of the tuning constants differ significantly, as they do 
in Table 16.1, further analysis is necessary. Recall that the tuning for each case 
was determined to give good dynamic response and a proper gain margin for the 
nominal process model in that case. The single set of tuning constants to be used 
for all process models in the table must provide acceptable (if not good) feedback 
control performance for all cases. Since the process dynamics change, the stability 
margin of the closed-loop system can change, and the closed-loop system can 
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become highly oscillatory or unstable for an improper choice of fixed tuning. 
Since instability and severe oscillations are to be avoided, the overriding concern 
is maintaining a reasonable stability margin for all expected process dynamics. 

To ensure that the control system with varying process dynamics performs 
acceptably over the expected range of operation, the worst-case dynamics must 
be identified. This worst case gives the poorest control performance under the 
feedback controller and is usually the closed-loop system closest to the stability 
limit. The Bode plots of G p (s ) for three of the cases in Table 16.1 are given in 
Figure 16.2. The results show that Case A has the lowest critical frequency and 
the highest amplitude ratio at its critical frequency. This result conforms to our 
experience that processes with longer time constants are more difficult to control. 
Thus, Case A would be selected as the most difficult process operation, or the 
worst case, within the scenarios. 

The Bode analysis of G p (s ) is substantiated by the results in Table 16.1, 
which indicate that Case A has the least aggressive feedback controller, because 
the controller gain is smallest and integral time is largest. Applying the controller 
tuning from Case A would result in a stable system for all cases, albeit with poor 
performance for some cases. Using a more aggressive set of tuning constants, Case 
E, for example, would lead to good performance in some cases, but the closed-loop 
performance would be very poor, and perhaps unstable, for other cases. 

Dynamic simulations of closed-loop systems with various tunings are shown 
in Figures 16.3 and 16.4. The results in Figure 16.3a and b give the dynamic 
responses of the closed-loop system, with controller tuning from Case A, for two 


Analyzing a Nonlinear 
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Frequency (rad/time) 



Bode plot for three-tank mixing system (cases defined in Table 16.1). 
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(a) 


<« 


FIGURE 16.3 


Dynamic respones for the mixing system with tuning from Case A ( K c = 13.8, 
T/ = 25.1, and T d = 1.82). (a) Case A process dynamics, F B = 3, gain margin 
= 1.7; (b) Case E process dynamics, F B — 6.9, gain margin = 4.5. 




(a) (*>) 

FIGURE 16.4 


Dynamic respones for the mixing system with tuning from Case E ( K c = 30.0, 
T/ = 11.0, and T d = 0.80): (a) Case E process dynamics, F B = 6.9, gain margin 
= 1.7; {b) Case A process dynamics, F B = 3.0, gain margin < 1.0, indicating 
instability. 


different process dynamics. Note that the response, when controlling the plant 
with dynamics for Case A (the most difficult plant to control), is well behaved. 
The performance when controlling process E is rather poor, with a long time 
required to return to set point, but at least the response is stable. 

The results in Figure 16.4a and b give the closed-loop dynamic responses for 
the controller tuning from Case E and the same two plant dynamics. Although 
the performance for the process dynamics from Case E is good, the performance 
for the process dynamics from Case A is unacceptable because the system is 
unstable. Since excessive oscillations and instability are to be avoided at all cost, 
the controller tuning used in Figure 16.4, based on the dynamics in Case E, is 
deemed unacceptable. 
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When the feedback controller tuning constants are fixed and the process dynamics 
change, the fixed set of tuning constants selected should have the proper gain margin 
for the most difficult process dynamics in the range considered. This approach will 
ensure stability, but it may not provide satisfactory performance. For the example, 
the tuning from Case A is selected. 


Improving Nonlinear 
Process Performance 
through Deterministic 
Control Loop 
Calculations 


This section has presented a manner for determining whether nonlinearities 
significantly affect stability and control performance. The method is based on 
the tuning and stability analysis of the system linearized about various operating 
conditions. Also, a tuning selection criterion is given that is applicable when a 
fixed set of tuning constants is used as the process dynamics vary. The goal of 
this criterion is to provide the best possible control performance, with constant 
tuning, while preventing instability or excessive oscillations. The resulting con¬ 
trol performance may be unacceptably poor, providing sluggish compensation for 
some cases; therefore, the next sections present common methods for improving 
performance, while preventing instability, by compensating for the nonlinearity. 


16.3 0 IMPROVING NONLINEAR PROCESS PERFORMANCE 
THROUGH DETERMINISTIC CONTROL LOOP 
CALCULATIONS 


The approach described in the previous section can lead to poor control perfor¬ 
mance for two reasons. First, some process operating conditions lead to poor per¬ 
formance because of increased feedback dynamics (e.g., longer dead time and time 
constants). Second, the fixed values for the feedback controller tuning constants 
are too “conservative” for some process operations. Clearly, one set of tuning val¬ 
ues cannot prevent degradation in feedback control performance arising from the 
changes in plant dynamics. However, modifying the tuning to be compatible with 
the current process dynamics can maintain the feedback control performance close 
to the best possible with the PID algorithm for whatever plant dynamics exist. 

The approach for modifying the controller tuning constants through deter¬ 
ministic calculations can be applied to improve the control of some nonlinear 
processes. The term “deterministic” is used to designate an unchanging relation¬ 
ship between the operating condition and the tuning constant values. The operating 
condition is determined by measuring a process variable that is directly related to 
the feedback dynamics. Then the control constants can be expressed as a function 
of this measured variable, PV, as shown in the following equation: 

[ 1 f dCVl 

E + 7KPV) i EU ' )dt ' + Td(PV) ~dF I + 1 ° 6 - 7) 

The resulting controller is nonlinear. The stability analysis presented in Chapter 
10 can be applied to this system assuming that the value of PV in equation (16.7) 
changes slowly; that is, it has a much lower frequency than the closed-loop critical 
frequency. When this condition is satisfied, the tuning can be considered constant 
for the stability calculation. 

This approach is demonstrated by applying it to the three-tank mixing system 
introduced in the previous section. The correlations between the tuning constants 


B 


X A0 
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and the measured variable that indicates the change in process dynamics—in this 
example the flow—can be fitted by an equation or arranged in a lookup table. 
Equations for the example are given below for the range of operation in Table 16.1 
[3.1 < ( F a + Fb) < 7.0] with the parameters determined by a least squares fit. 

K c = -5.64 + 7.368(F a + F B ) - 0.3135(F A + F B ) 2 

7/ = 50.37 - 10.626(^4 + F B ) + 0.7164^ + F B ) 2 (16.8) 

T d = 3.66 - 0.116(F A + F s ) + 0.0525(F A + F B ) 2 

The controller using tuning calculated by equations (16.8) can be applied to 
the nonlinear mixing process. The resulting dynamic responses are essentially the 
same as in Figure 16.3a and Figure 16.4a. The control performance is good for 
the different flow rates because the tuning is modified to be compatible with the 
process dynamics. Note that the performance in Figure 16.4a is better than in 
Figure 16.3a, even though the controllers in both systems are well tuned, because 
the feedback dynamics in Case E are faster. Comparison with Figure 16.3b and 
Figure 16.4b demonstrates the potential performance advantage of this approach 
over maintaining the tuning constants at fixed values. The procedure introduced 
in this example is summarized in Table 16.2. 

The use of controller tuning modifications described in this section is often 
referred to as gain scheduling, because early applications adjusted only the con¬ 
troller gain. With digital computers, all tuning constants can be easily adjusted 
when required to achieve the desired control performance. 

If adequate control performance is achieved through adapting only the con¬ 
troller gain and the controller gain should be proportional to feed flow, gain schedul¬ 
ing can be implemented as part of modified feedforward/feedback control design. 
An example is given in Figure 16.5a for the feedforward and feedback control of 
the simple mixing system. The model for the system is 


_ F\xa + FjXb 
Xm F a + F b 


(16.9) 


The flows and compositions for this mixing process are assumed to be the same 


TABLE 16.2 

Criteria for the deterministic modification of controller tuning 

Deterministic modification of tuning is appropriate when 

1. Constant controller tuning values do not provide satisfactory control performance 
because of significant changes in operating conditions. 

2. The nonlinearity can be predicted based on a process variable measured in real time. 

3. The relationship between the measurement and the process dynamics can be 
determined either from a fundamental model or from empirically developed models. 

4. The changes in the process dynamics are at a frequency much lower than the 
critical frequency of the control system. 
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(a) (b) 

FIGURE 16.5 

Examples of gain scheduling through feedforward control. 


as the three-tank mixer. The steady-state equations describing the system are 


GJs) = 


Fb[(X\)a ~ (*A)fl] ^ Kp 

(Fa + F B ) 2 ~ F b 


Gcff(s) = Fb G c fb(s) = K c ^1 + 


(16.10) 


with K p and K c constant. The stability margin is determined from the Bode analysis 
by referring to G 0 l(s), which follows for the example: 


Gql(s) = G p (s)K c ffK c 




(16.11) 


To include the modification of the loop gain as indicated in equation (16.11), 
the outputs of the feedforward and feedback controllers are multiplied, rather than 
added as described in Chapter 15. Thus, as the feed flow increases, the effective 
gain of the feedback controller ( K c Fb ) increases to compensate for the decrease in 
the process gain ( K p /Fb ). Note that this design is an extension of the feedforward 
design shown in Figure 15.14a to include feedback and therefore retains the good 
disturbance response through feedforward control. This approach to controller gain 
modification is a simplification of the general approach described in Table 16.2. 


16.4 □ IMPROVING NONLINEAR PROCESS PERFORMANCE 
THROUGH CALCULATIONS OF THE MEASURED VARIABLE 

In addition to the controller calculation, other elements in the control loop can also 
be modified in response to nonlinearities. Relationships between the sensor signal 
and the true process variable sometimes involve particularly simple nonlinearities 
that can be addressed by programmed calculations during the input processing 
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phase of the control loop. Some examples are temperature (polynomial fit of ther¬ 
mocouple) and flow orifice (square root, density correction on A P). In addition 
to the linearization in the control loop, the availability of more accurate measured 
values for use in control and process monitoring is another important benefit of 
these calculations. 


16.5 ■ IMPROVING NONLINEAR PROCESS PERFORMANCE 
THROUGH FINAL ELEMENT SELECTION 


Introducing a compensating nonlinearity in the control loop can be achieved by 
selecting appropriate control equipment to compensate for nonlinearities. The final 
control element, usually a valve, is the control loop element that is often modified in 
the process industries, because the modifications involve little cost. Again, the ex¬ 
planation in this section assumes that the desired closed-loop relationship is linear; 
if another relationship is required, the approach can be altered in a straightforward 
manner. 

Since the valve is normally very fast relative to other elements in the control 
loop, only the gains of the elements are considered to vary. The linearized control 
system is shown in the block diagram in Figure 16.1b, and the loop gain for this 
system depends on the product of the individual gains. 

Gol(s) == G p(s)G v (s)G c (s)G s (s) 

= K p K v K e K s G* p (s)Gl(s)G*(5)G*(s) ° 6 ' 12) 

where the gains (/£)) may be a function of operating conditions, and the dynamic 
elements of the transfer functions [G*(s) with G*(0) = 1.0] do not change sig¬ 
nificantly with operating conditions. The manipulated variable in the majority 
of control loops is a valve stem position (u), also referred to as the valve lift, 
which influences a flow rate. The feedback system behaves as though it is linear 
if Gol (s) does not change as plant operating conditions change. Thus, linearity 
can be achieved, even if the process gain ( K p ) changes, as long as the changes 
due to nonlinearities in the individual gains cancel. In this section, a method is 
described in which the valve nonlinearity is designed to cancel an undesirable 
process nonlinearity, with the controller (K c ) and sensor (K s ) gains assumed to 
be constant. 

The final element selection is introduced through an example of flow control. 
The relationship between the controller output and the flow is often desired to be 
linear, so that the control system is linear. The relationship between the valve stem 
position and the flow is given below (Foust et al., 1960; Hutchinson, 1976). 


F = 


? C v (v) [aT v 

max ioo v p 


(16.13) 


where F = flow 

Fmax = maximum flow through system with valve fully open 
C„(u) = inherent valve characteristic, which is a function of v 
v = valve stem position (% open or closed) 

A P v = pressure difference across the valve 
p = fluid density 



This is simply the expression for the flow through a restriction, with the variable 
v representing the valve stem position expressed in percent. The driving force for 
the flow is the difference between the pressures immediately before and after the 
valve, A P v . The factor C v is called the inherent valve characteristic and represents 
the percentage of maximum flow at any given valve stem position at a constant 
pressure drop, usually the design value. The C„ is a function of the valve design, 
basically the size and shape of the opening and plug, which can be linear or any of 
a selection of standard nonlinear relationships at the choice of the engineer. Three 
common inherent valve characteristics are shown in Figure 16.6. 

In the typical process design, the pressures just before and after the valve 
change as the flow rate changes, as shown in Figure 16.7 (Quance, 1979). Typically, 
the pressure at the pump outlet is not constant; it decreases as the flow through the 
pump increases (Labanoff and Ross, 1985; Karassik and McGuire, 1998). Also, 
the pressure drop from the valve to the pipe outlet increases as the flow increases. 
For the example process in Figure 16.7, the pressure drop from the valve outlet to 
the end of the pipe could be calculated from the energy balance on the fluid, with 
losses determined from friction factor correlations (Foust et al., 1960): 

2 

Pi = Pout + A/ 3 e + ^ AFhxi + A/pipe + APfij (16.14) 

1=1 

where P out = outlet pressure (constant in this example) 

A P e = pressure drop due to change in elevation 
APh x /(P) = pressure drop due to heat exchangers (/ = 1,2) 

AP p ipe(F) = pressure drop in the pipe due to skin friction 
APfi t (F) = pressure drop in elbows and expansions due to form friction 
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FIGURE 16.6 

Three standard control valve inherent characteristics. 
(Reprinted by permission. Copyright ©1976, Instrument Society 
of America. From Hutchinson, J., ed., ISA Handbook of Control 

Valves , 2nd ed.) 
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Pi Pi 



Flow (% of design) ♦ _ . . 

1 — Design valve 

FIGURE 16.7 

Relationship between pressures and flow for a typical system. 
(Reprinted by permission. Copyright ©1979, Instrument Society 
of America. From Quance, R., “Collecting Data for Control 
Valve Sizing,” In. Tech., 55.) 


Note that the last three pressure drop terms are functions of the flow rate (F). Due 
to the functional relationships for Pi and Pi, the pressure drop across the valve 
(A P v = P\ — Pi), decreases as the flow increases. This demonstrates that only 
part of the total pressure drop from the pump to the outlet is due to the valve; a 
considerable amount of the pressure drop is due to other frictional losses. 

The goal of a linear system—a constant closed-loop relationship, Gol(s)— 
is achieved when the relationship between the controller output and controlled 
variable is linear. In the case of flow control, the controller output can be taken 
to be the valve position, and the controlled variable is the measured flow rate. 
Since the pressure drop across the valve shown in Figure 16.7 is not constant, the 
relationship between the controller output and the valve opening must introduce 
a compensating nonlinearity for the overall gain to be constant. The nonlinear¬ 
ity can be introduced at low cost by selecting the appropriate valve characteristic 
C v . The typical nonlinearity applied for situations similar to Figure 16.7 is the 
equal-percentage characteristic curve shown in Figure 16.6. The use of an equal- 
percentage valve in a process similar to that shown in Figure 16.7, in which the 
pressure drop decreases with flow, usually results in an approximately linear rela¬ 
tionship between the valve stem position and flow. An experimental investigation 
of the application of an equal-percentage valve for the process described in Figure 
16.7 resulted in the desired linear relationship shown in Figure 16.8. Note that the 
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Linear overall relationship between v and flow for 
the example flow process with an equal-percentage 
valve. (Reprinted by permission. Copyright ©1979, 
Instrument Society of America. From Quance, R., 
‘‘Collecting Data for Control Valve Sizing,” In. 

Tech., 55.) 
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valve is about 85 percent open at the design flow; this is a bit high, since most 
designers specify that the valve be about 70 to 80 percent open at the design flow. 
In all cases, the valve opening at design must be such that the required maximum 
flow can be achieved when the valve is fully open. 

The general method employed for linearizing the flow control loop is now 
extended to a more complex process: a stirred-tank heat exchanger, shown in 
Figure 16.9. The energy balance for this system was derived in Example 3.7 and 
used in Example 8.5, and this example uses the same design parameters. The model 
is repeated here: 


VPC/S = FpC p (To — T) — 


oF c b+l 


F c + 


aF b 


■(T - T ci n) 


2p c C 


pc 


(16.15) 


Fr = Ft 


max 


(c± /a J\ 
\iooy Pc) 


(16.16) 



Heat exchanger control system. 


In this example the pressure drop across the valve is assumed constant so that the 
analysis will highlight the effects of other process nonlinearities; however, if this 
were not the case, the same approach could be used, with an appropriate model for 
the coolant pressures included. This model can be used to evaluate the linearity of 
the steady-state process by calculating the steady-state value of the temperature at 
various coolant flow rates by setting dT/dt = 0. The results of this calculation are 
given in Figure 16.10 a. This plot clearly shows the nonlinearity in the process gain, 
which changes by a factor of more than 5 over the range of operation considered. 

The goal of compensation would be to achieve a linear relationship between 
the controller output and the temperature. The proper linear relationship would be 


(^p)ave — . 

' Au 


AT 79.8 - 122.5°C 



100-5% 


(16.17) 
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which is the total change in temperature over the total change in valve position 
over the controllable range. To maintain the loop gain at this value while the 
process gain changes, the valve characteristic must change. From the value of the 
desired average gain in equation (16.17) and the process gain, AT/AF c in Figure 
16.10a, the value of the characteristic can be evaluated as C v = (K p ) stve /K p . The 
results of this calculation are given in Figure 16.10ft. As expected, the plot of C v 
versus valve stem has a slope with small magnitude where the process has a gain 
with large magnitude (i.e., at low coolant flows). Also, the figures show that the 
process gain, and therefore the slope of C v versus valve stem, is nearly constant 
over the higher range of flows. The steady-state behavior of the system with the 
linearizing C„ installed gives Figure 16.10c; the linear relationship between the 
controller output and temperature indicates that a PID feedback controller with 
constant tuning parameters would be adequate. 

It is important to understand the approach just demonstrated through these 
flow and heat exchanger examples: therefore, it is summarized in Table 16.3. The 
correct application of the procedure in this table frequently, but not always, results 
in an equal-percentage characteristic. An example of an exception occurs when the 
pressure drop across the valve is constant and the objective is flow control; then 
a linear valve characteristic is required to achieve a linear relationship between 
the controller output and the flow. Another exception occurs when a nonlinear 
relationship between the controller output and controlled variable is required in 
selected situations. For example, a cooling medium flow may normally be small 
or zero but need to be increased to a large value quickly upon demand. This 
situation would benefit from a nonlinear relationship between the controller output 
and the flow, which is provided by the “quick-opening” characteristic. Both of 
these characteristics are shown in Figure 16.6, and many other characteristics are 
commercially available (Hutchinson, 1976). 

There are many physical designs of the flow patterns, orifice shape, and valve 
plug shape that are used to achieve the desired relationship. The specific design 
selected depends on many factors (Hutchinson, 1976), such as the desire to 



FIGURE 16.10 

Summary of nonlinear process behavior 
and compensating characteristic. 


TABLE 16.3 

Method for achieving a linear control system by selecting the 
proper valve characteristic 


Goal: A linear relationship [i.e., constant G 0 l(s)] between the controller output 
and the controlled variable. The valve stem position is assumed 
to be equal to the controller output. 

1. Determine the relationship between the pressure drop and the flow for the 
specific process system considered, K pl . 

2. Determine the relationship between the flow and controlled variable 
(if not flow rate), K p2 . 

3. Calculate the C„ based on the results in (1) and (2) so that C v K pi K p2 = 
constant. This will ensure that the steady-state gain of the process, as 
"seen” by the controller, is constant. 

4. Select the commercial valve with the inherent characteristic, C„, closest 
to the function determined in (3). 




1. Have tight closing (i.e., no flow) when the controller output is 0% (or 100% 
for a fail-open valve) 

2. Prevent sticking or clogging when the fluid is viscous or is a slurry 

3. Accurately control the flow over a specified range 

4. Reduce the pressure loss due to the valve, to conserve energy 

The reader is cautioned that the selection of the proper control valve requires 
more information than is provided in this brief introduction. Details of typical 
valves, along with pictures of the internal details, are available and should be 
consulted (Hutchinson, 1976; Andrew and Williams, 1979,1980; Driskell, 1983). 
Also, engineering standards for sizing calculations and selection are available for 
many common situations (ISA, 1992). 

Finally, it should be noted that a nonlinearity can be added to the controller 
calculation in place of the nonlinear valve characteristic. Many commercial digital 
controllers have the facility to introduce a nonlinearity after the control algorithm, 
in the output processing phase, via a general polynomial. However, the use of the 
valve characteristic is still the most common means in practice for compensating 
for simple process gain nonlinearities. 
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16.6 □ IMPROVING NONLINEAR PROCESS PERFORMANCE 
THROUGH CASCADE DESIGN 

Other particularly simple nonlinearities can be addressed through cascade design 
that compensates for nonlinearities in the secondary, resulting in a (nearly) linear 
primary control system. One example encountered often in the process industries 
is maintaining two quantities in a desired proportion. An example of blending is 
shown in Figure 16.5b, although the concept applies to other proportions, such 
as reboiler to feed in a distillation tower or reactant ratio in a chemical reactor. 
The feedback controller can adjust the set point of the ratio controller as shown in 
Figure 16.5b. This is really another example of feedforward and feedback being 
combined as a product rather than a sum; thus. Figure 16.5a and b are alternative 
solutions to the same control design problem. 

A cascade can also provide compensation for nonlinearities in other con¬ 
trol designs. An example is shown in Figure 16.11, in which the relationship 




FIGURE 16.11 

Example of cascade control applied to linearize the loop. 
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between the level and the level controller output is desired to be linear. Following 
the arguments in this section, the valve in Figure 16.11a would normally have 
an equal-percentage characteristic so that the relationship between the controller 
output and flow would be approximately linear. However, since the flow controller 
in Figure 16.11b is a fast loop, the relationship between the primary controller 
output and the flow would be linear, regardless of how well the characteristic com¬ 
pensated for other nonlinearities. Thus, the level control system is linearized as a 
result of the cascade design. Notice that the cascade strategy retains the advantages 
of improved disturbance response explained in Chapter 14. 


16.7 m REAL-TIME IMPLEMENTATION ISSUES 

Adaptive methods involving real-time calculations are relatively straightforward to 
implement; however, a few special considerations should be included. Some of the 
methods for adapting tuning are based on one or more measurements, and should a 
measurement not represent the true process conditions because of a sensor failure, 
the resulting tuning constants could be far from the proper values, leading to poor 
or even unstable performance. Thus, the measurement(s) used in the updating cal¬ 
culations should be checked for validity before being used to calculate the tuning. 
An example is checking the consistency of a flow measurement with associated 
flow rates in the process to ensure that a realistic flow is being used to update 
tuning. In addition, the value of the measured variable used in the correlations, as 
in equations (16.8), should be limited to the range over which the correlation is 
valid. This practice serves two purposes: 

1. Error due to an unrecognized sensor failure is limited. 

2. Extrapolation of a correlation beyond its region of applicability is prevented. 

An issue that may not have been apparent in the previous sections is the ever¬ 
present need for defining the desired control performance. The tuning correlations 
must reflect the performance desired; thus, the tuning correlations selected must be 
based on control objectives consistent with the performance desired in the plant. 
As will be explained in Parts V and VI, tight control of one variable may degrade 
the control performance of another, more important variable because of process 
interaction. Thus, the performance goals of all control loops must be determined 
considering the overall process performance, which may lead to loose tuning for 
selected loops. 

Also, it would be wise to provide the facility to fine-tune the controller tuning 
constants while retaining the correlations. One simple method would be to pro¬ 
vide an adjustable parameter in equations (16.8). The engineer could adjust the 
parameter to achieve improved performance at one operating condition, and the 
parameter would be unchanged for other operating conditions. 


16.8 ■ ADDITIONAL TOPICS IN CONTROL LOOP 
ADAPTATION 

All of the methods described in detail in this chapter are based on the assumption 
that the change in process dynamics can be predicted. This assumption, which 
leads to the compensating calculations and equipment designs, is not always valid. 
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For example, the effect of acid flow on pH (i.e., the shape of a pH curve) can 
change substantially due to changes in the buffering agents present; the effect 
of temperature on reactor conversion can depend on the activity of the catalyst. 
Therefore, there are situations in which deterministic methods are not appropriate. 
One response to this situation would be to detune the controller substantially and 
accept the performance degradation. Better performance would be possible with 
an adaptive method that could “learn” the process dynamics from the real-time 
system behavior and retune the controller based on the updated knowledge of 
process dynamics. Two general retuning approaches are used in this situation: 

1. Periodic adaptive tuning at the request of a person, which is applicable when 
the dynamics change infrequently 

2. Continuous adaptive retuning, which is applicable when the dynamics change 
frequently 

The analysis of these approaches requires more advanced mathematics than is 
consistent with the level of this book; however, a few of the methods are introduced 
in the following paragraphs. 


Additional Topics in 
Control Loop 
Adaptation 


Periodic Retuning Based on Model Identification 

In this approach an empirical model identification method is implemented to de¬ 
termine the dynamic model of the process, G p (s)G v (s)G s (s). The model fitting 
could use one of the methods described in Chapter 6 or other statistically based 
methods. Based on this model, the method can automatically introduce updated 
tuning using an appropriate controller tuning method. Note that this method in¬ 
troduces perturbations in the manipulated variable, which will disturb the process, 
but only when a person requests a retuning. 


Periodic Retuning Based on Empirical Identification of the 
Critical Conditions 

The Bode stability criterion highlighted the importance of the feedback system at 
the critical frequency. The feedback system’s stability and controller tuning can be 
based on the amplitude ratio at the critical frequency, | Gol(g> c ) I ■ Thus, some meth¬ 
ods of adaptive tuning determine the critical conditions empirically. One possible 
approach would be to automate the Ziegler-Nichols continuous cycling experi¬ 
ment described in Section 10.8, Interpretation IV; however, this approach would 
introduce large, prolonged disturbances. A more successful approach uses this 
principle with a relay in place of the controller to determine the same information, 
with smaller disturbances to the plant (Astrom and Hagglund, 1984). 


Continuous Retuning Based on Statistics 

It is possible to identify the process dynamics and determine how to modify the 
tuning without introducing external perturbations, as long as some disturbances 
occur in the process. Approaches to formulating and solving this problem are given 
in Astrom and Wittenmark (1989). 
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Continuous Retuning Based on Rules 

Fine tuning of closed-loop systems based on the response to set point changes was 
discussed in Chapter 9. This concept can be applied to disturbance responses so 
that external perturbations are not necessary; then the method can be automated to 
achieve continuous retuning. In one commercial system the control performance is 
defined by the engineer in terms of (1) controlled-variable damping and overshoot, 
(2) expected noise levels, and (3) bounds on the controller tuning constants (Bristol, 
1977; Kraus and Myron, 1984). The retuning method uses rules to adjust the tuning 
constants to achieve the desired performance. 

16.9 0 CONCLUSIONS 

Modification of an element in the closed-loop system may be needed to attain high- 
performance feedback control when the feedback dynamics change. The three 
major steps are given in Table 16.2 for evaluating deterministic approaches for 
compensating for nonlinearities. The first step is to determine whether the process 
dynamics change significantly over the range of operation. If a fundamental ana¬ 
lytical model is available, the linearized expression can be evaluated through the 
range of operating variables to determine whether the gain, dead time, and time 
constants change significantly. If no analytical model is available, several linear 
models can be determined through empirical identification at various operating 
conditions. The variability in the tuning and degradation in performance due to 
the nonlinearities can be determined as explained in Section 16.2. Since control 
objectives are different from plant to plant, it is not possible to give a generally 
applicable threshhold for when the nonlinearity is “significant.” However, since 
modelling errors of ±20% are expected in identification, nonlinearities causing 
model parameter variations of this magnitude or less would normally not be con¬ 
sidered significant. 

The approaches presented in this chapter are summarized in Table 16.4. The 
order of presentation is from simplest and most reliable to most complex and 
challenging to implement. Generally, the engineer will apply the methods in the 
order presented in the table, proceeding only to the method needed to achieve 
acceptable performance. 

If the variability is significant and it can be predicted based on real-time 
measurements, an element can be introduced to linearize the control loop by com¬ 
pensating for the nonlinearity. The compensating element can be in any of the 
three categories of the control calculation: input processing, control algorithm, or 
output processing. It can also be included in the control equipment, specifically in 
the final control element. 

If the variability in dynamics is significant but cannot be predicted using 
correlations, one approach is to detune the feedback controller so that it is stable 
for all dynamics encountered. Naturally, this approach will result in a degradation 
in performance. Another approach is to modify the tuning of the controller based 
on some information of the real-time dynamic behavior of the system. Various 
methods are available, and references are provided. 

Finally, the limits of the adapting approach should be recognized. First, a great 
strength of feedback control is that it does not require a highly accurate model. 
Thus, reasonable model errors can be tolerated with little degradation in control 
performance. Second, the adaptations require some time for the method to recog- 



nize the change in process behavior and introduce the compensation to the tuning 
(or other element of the loop). Thus, if the process dynamics are changing with 
a frequency near the critical frequency of the feedback control loop, an adaptive 
approach will not be able to introduce the compensation quickly enough. This 


TABLE 16.4 

Summary of methods to compensate control systems for nonlinearities 


Description 

Compensation for 
nonlinearity 

Example 

Additional effects on 
control performance 

Measurement 

Calculation to compensate 

Square root of orifice 

Improved accuracy for 


for nonlinear 

sensor 

flow meter 
(Figure 12.5) 

process monitoring 

Final element 

Final element selected 
to compensate for 
process nonlinearity 

Valve characteristic to 
account for changes in 
pressure (Figures 16.6 
and 16.7) 


Cascade control 

Select secondary set 

Level-flow cascade 

Improved response to 


point that has linear 
relationship with primary 

(Figure 16.11) 

secondary disturbances 

Detune 

Determine single set 

Three-tank mixing 

Poor performance 

Gain schedule 

of tuning constants 

for the range of operating 

conditions 

Calculate the controller 
gain based on real-time 
measurement 

process (Table 16.1, 
Case A tuning) 

can result 


Multiply feedforward 
and feedback (where 
this leads to proper 
gain scheduling) 

Figure 16.5 

Feedforward 
compensation for 
measured disturbance 

Controller 

Calculate tuning based 

Three-tank mixing 


tuning 

on a process model 
and real-time 

measurement 

process [equation 
(16.8)] 


Occasionally 

Empirically determine 

Relay method of 

Undesired variation 

retune 

key model 

finding critical 

during (infrequent) 


characteristics and 
tune controller according 
to preselected 
performance criteria 

conditions (Astrom and 
Hagglund, 1984) 

retuning 

Continuously 

retune 

Empirically determine 
key model 

characteristics and tune 
controller according to 
preselected performance 
criteria 

On-line identification 




530 


CHAPTER 16 
Adapting Single-Loop 
Control Systems for 
Nonlinear Processes 


limitation also holds when an infrequent change in process dynamics is large and 
abrupt: adaptation may not be able to detect the situation rapidly enough. Finally, 
the reader is advised to establish the potential improvement using the first entries 
in Table 16.4 before attempting the substantially more complex approaches in later 
table entries. 
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A particularly challenging situation occurs when the process gain changes 
sign as operating conditions change. An industrial process where this occurs is 
discussed in 
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8, 38-43 (1988). 

Some industrial examples of adaptive control are given in the following ref¬ 
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Whately, M., and D. Pott, “Adaptive Gain Improves Reactor Control,” Hydro. 
Proc., 75-78 (May 1988). 

QUESTIONS 

16 . 1 . Consider the three-tank mixing example process, but with the outlet con¬ 
centration of component A changed to 50 percent in all cases. Recalculate 
the values in Table 16.1 for the same changes in the flow rate of stream B. 
Compare and comment on the similarities and differences. 

16 . 2 . Answer each of the following questions, with a full explanation of your 
answer. 

(a) Could closed-loop frequency response, as explained in Section 13.3, be 
used to determine when feedback controller tuning should be adapted 
for changes in operating conditions? 

( b) Review all cascade examples in Section 14.7 and determine whether 
each results in a (nearly) linear relationship between the secondary and 
primary. Would the single-loop control (primary to valve) be signifi¬ 
cantly nonlinear? 

(c) Review all of the feedforward-feedback control designs in Section 15.7 
and for each, recommend how to combine the feedforward and feed¬ 
back signals (add, multiple, divide, other) to provide the best tuning 
compensation for the measured disturbances. 

( d ) The discussion and examples in this chapter involved feedback con¬ 
trol. Discuss whether there is any advantage to adapting the adjustable 
parameters in a feedforward controller. If yes, discuss how this could 
be evaluated and the proper values determined. 

16 . 3 . Recalculate the tuning in Table 16.1 using the Ziegler-Nichols closed-loop 
tuning method. Compare the similarities and differences of the effect of 
Fb on the tuning for the two tuning methods. Which tuning would you 
recommend using? 
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16.4. Based on the information in question 9.10, would you recommend auto¬ 
matic deterministic retuning of the feedback control system? If yes, deter¬ 
mine the measured variable and the tuning constants as a function of the 
measured variable. 

16.5. Based on the information in question 10.2, would you recommend auto¬ 
matic deterministic retuning of the feedback control system? If yes, deter¬ 
mine the measured variable and the tuning constants as a function of the 
measured variable. 

16.6. You have been given the task of developing a rule-based adaptive tuning 
method for use with a PID controller. Also, the introduction of any per¬ 
turbations by the method has been prohibited. Develop a set of rules that 
can be applied to normal operating data (with disturbances) to improve the 
performance gradually by adjusting the controller tuning constants. Re¬ 
member to consider both the controlled and manipulated variables when 
evaluating performance. 

16.7. In some control designs, the location of the sensor can be changed; one 
method for changing the effective sensor location is switching between 
sample tap locations that feed an analyzer. In this question we consider 
the dynamic system described in Example 5.2, Case 1. The original feed¬ 
back PI controller measured Y4 and adjusted the input to the system; the 
modified feedback PI controller measures Y3 and adjusts the input to the 
system. Calculate the tuning for both PI controllers and decide whether the 
controller tuning should be adjusted when the sensor is switched. 

16.8. The stirred-tank heat exchanger in Section 16.5 experiences changes in the 
feed inlet temperature of 120 to 170°C and in the coolant inlet temperature 
of 20 to 30°C. These temperature changes occur independently, and the feed 
flow and temperature set point remain constant at their base-case values. 
Discuss the need for adapting the feedback PI controller tuning constants 
and, if necessary, provide correlations for the valve characteristic and tuning 
as appropriate. 

16.9. Design feedforward-feedback control for the chemical reactor in Example 
15.1 for input disturbances in both feed composition, A2, and feed flow, 
FI. Pay particular attention to how the feedforward and feedback signals 
should be combined. Is there a need for adapting the feedback tuning for 
disturbances? Can this be achieved in combination with the feedforward 
control? Is there a need to adapt the feedforward controller parameters? 
Since you do not have fundamental models for this system, answer this 
question based on your qualitative understanding of the behavior of the 
process equipment. 

16.10. The behavior of the heat exchanger in the recycle system in Example 5.3 
varies due to fouling. Experience has shown that Gh 2 changes within the 
range of 0.20 to 0.32 about its nominal value of 0.30. Determine whether 
this change is significant. If so, how could deterministic controller adapta¬ 
tion be implemented? 

16.11. Sometimes process equipment has to be removed from service occasionally 
for maintenance. Consider a multiple-tank mixing process that is basically 



the mixing tank process in Example 7.2, but modified to have between two 
and four tanks, depending on the equipment availability. Determine how 
the feedback controller tuning has to be modified for the situations of two, 
three, and four tanks in the feedback process. Also, compare the control 
performance for these three situations. 

16 . 12 . Level control is to be added to the draining tank process in Example 3.6. 
The controller adjusts the opening of a valve in the exit pipe at the base 
of the tank, and essentially all of the pressure drop in the pipe and valve 
occurs across the valve. Determine the valve characteristic that will yield 
a linear relationship between the controller output and the level. The inlet 
flow varies from 50 to 150 m 3 /h. 

16 . 13 . In some feedback control systems the manipulated variable can be changed, 
usually by selecting the position of a switch at the controller output that 
directs the signal to one of the possible manipulated variables. For the fol¬ 
lowing cases, determine whether the difference in feedback dynamics is 
significant enough to require changing the tuning depending on the manip¬ 
ulated variable selected for the controller output. 

(a) For a distillation column, the controlled variable is the light key in the 
distillate, Xp, and the two manipulated variables are the reflux flow, 
FMr, and the vapor boilup, VMq. For dynamic models, refer to Figure 
5.17. 

( b ) For a single, isothermal CSTR, the controlled variable is the effluent 
reactant concentration, Ca, and the two manipulated variables are the 
inlet concentration, Cao. and the total feed flow rate, F. For dynamic 
models, refer to Example 5.5. 

(c) For an open-top liquid tank, the controlled variable is the liquid level, 
and the two manipulated variables are the valves in the two outlet pipes. 
The process is sketched in Figure Q1.9 a. 

16 . 14 . Question 13.1 describes a process with feedback control and changes in 
operating conditions, ( a ) through (f ). For each change in operating con¬ 
ditions, determine whether it is necessary to adapt the feedback controller 
tuning, and if so, how the adaptation could be implemented automatically. 

16 . 15 . Consider a series of three isothermal CSTRs, each with the physical design 
parameters of the process in Example 3.5. The base case operating condi¬ 
tions are the same as the example: F = 0.085, Cao = 0.925, and k = 0.50. 
The composition of reactant A in the third reactor is controlled by adjust¬ 
ing the feed composition, C A o- Determine ( a ) the steady-state operating 
conditions for this base case, ( b ) the linearized model for the system, and 
(c) PID feedback tuning for this base case system. Then determine whether 
the controller tuning must be adjusted if the feed flow rate changes from 
0.085 to 0.20. 
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17.1 □ INTRODUCTION 

In all of the control methods considered to this point, the important variables have 
been measured, a situation which is desirable and most often possible. However, 
not all important variables can be measured in real time, that is, fast enough that 
timely control actions can be based on their measurements. There are various 
reasons for the lack of key measurements. First, some sensitive analyses have not 
been sufficiently automated to provide accurate, reliable measurements without 
human management of the procedure; thus, these measurements can be obtained 
only infrequently from a laboratory. There are even some properties that cannot 
be determined from intermediate material properties in a plant. Usually, these 
properties relate to the final use of the material; for example, some qualities of 
products such as soap, food products, or polymers depend on their application as 
final products and cannot be measured until the products are formulated and used. 
Second, even if the real-time measurement is possible, the cost of installing a sensor 
in the plant may not be justified by the potential benefits derived from the additional 
sensor, especially considering the alternative methods in this chapter. The cost is 
not typically high for conventional sensors for measuring temperature, pressure, 
flow, and level, but it may be prohibitive for an expensive analyzer with sample 
system and ongoing maintenance. Third, the sensor may not provide information 
in a timely manner. There are several reasons for slow feedback; for example, the 
analyzer may have a very long dead time because it must be located far downstream. 
Also, an analyzer may have a long processing time—one hour or longer—which 
would delay the feedback information. Finally, there may be no directly measurable 
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quantity; for example, the controlled variable may be the heat transferred in an 
exchanger. 

The lack of measurements of key variables in a timely manner certainly offers 
challenges to achieving good control performance. However, unmeasured variables 
can sometimes be inferred from available measurements. 


To infer: to achieve a conclusion based on information. 


Here, the conclusion would be an estimate of the unmeasured variable. Thus, 
inferential control uses extra sensors to improve control performance. In this case, 
the extra information is additional measured variables that, while not giving a 
perfect indication of the key unmeasured variable, provide a valuable inference. 
The selection and use of these additional inferential variables requires process 
insight and adherence to the methods described in this chapter. Since inferential 
control is widely applied with great success, the analysis and design of inferential 
variables is important for engineers who design and operate plants, as well as for 
control specialists. 

Since the characterization of variables as inferential may initially seem some¬ 
what arbitrary, the general concept is explained here. All sensors depend on phys¬ 
ical principles that relate the process variable to the sensor output, and thus no 
sensor “directly” measures the process variable. For example, a thermocouple 
temperature sensor provides a millivolt signal that is related to temperature (and 
the reference junction temperature), and an orifice flow sensor provides a pres¬ 
sure difference signal that is related to the flow (and fluid density). We normally 
consider the standard sensors for temperature, pressure, flow, and level as direct 
measurements, not inferential variables, because (1) they provide reasonably good 
accuracy and reproducibility, (2) they do not usually require corrections (e.g., 
for reference junction temperature), and, most importantly, (3) the relationship 
between the sensor signal and the process variable is not specific to a particu¬ 
lar process. For example, essentially the same relationship between the pressure 
difference across an orifice and the flow through the orifice is used in thousands 
of plants. In contrast, a relationship between a reactor temperature and conver¬ 
sion is clearly specific to a particular process and is considered an inferential 
variable. 

Since there is no generally accepted naming convention, we will refer to the 
variable we would like to control as the “true” controlled variable, CV, (/). The 
inferential variable, CV, (0, can be used because of a process-dependent relation¬ 
ship, which must be determined by the engineer. For example, a good inferential 
variable in Figure 17.1 is closely related to the true variable so that controlling 
CV, (f) will maintain CV, (r) close to its desired value. In most cases, the inferen¬ 
tial variable is not as accurate as an on-stream sensor of the true variable. Also, 
the approximate relationship used for the inferential variable has a limited range, 
beyond which the inferential variable might not be satisfactory. It is important to 
remember that zero steady-state offset for the true variable is possible only when 
it is measured, perhaps infrequently, and used in the control system to adjust the 
set point of the inferential controller, SP,(s). 
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FIGURE 17.1 


Block diagram of a feedback control system with a true 
controlled variable, CV,(s), and an inferential controlled 

variable, CV,(s). 


An Example of 
Inferential Control 


Figure 17.1 can be used to determine the relationship necessary for good 
inferential control. First, the response of the true controlled variable to a disturbance 
can be evaluated. 


CV,(j) = G dt (s)D(s) + Gp,(5)MV(j) 


= G dt (s)D(s) - 


G p t(s)G c (s)G d j(s) 
1 + G P i(s)G c (s) 


D(s ) 


07.1) 


A key goal of the control system is to maintain zero steady-state deviation in the 
controlled variable. This can be evaluated by applying the final value theorem to 
equation (17.1) with a step disturbance and PI feedback controller to give 


lim CV(f) = lim CV(j) = K d ,AD - 

00 ,V->0 


(K pi K c )/T, 


(17.2) 


Thus, the criterion for perfect steady-state inferential control in response to a distur¬ 
bance is that Kdt/Kp, = K di /K pl . 


As the process relationships deviate from this criterion, the performance of the 
inferential controller degrades. Thus, an important engineering decision is the 
selection of a proper inferential measured or calculated variable. 


17.2 D AN EXAMPLE OF INFERENTIAL CONTROL 

Application to a flash separator demonstrates the typical analysis steps for inferen¬ 
tial control, along with a very common inferential variable. The process is shown 
in Figure 17.2 where a stream of light hydrocarbons is heated, the pressure of 
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FIGURE 17.2 

Flash separator considered for inferential control of ethane 
composition in the liquid from the drum. 


TABLE 17.1 


Base-case data for flash process in 
mole percent 


Component 

Feed 

Liquid 

Vapor 

Methane 

10 

1.3 

19.8 

Ethane 

20 

10.0 

31.2 

Propane 

30 

30.2 

29.8 

/-Butane 

15 

20.1 

8.8 

n -Butane 

20 

30.0 

9.3 

n-Pentane 

5 

8.4 

1.1 


the stream is lowered, and the liquid and vapor phases are separated in a drum. 
The base-case compositions of all three streams are given in Table 17.1. The true 
controlled variable is the ethane concentration in the drum liquid; however, an 
analyzer is not available, perhaps because of cost. (Accurate on-stream analyzers 
are commercially available for such a measurement.) The goal is to infer the con¬ 
centration of ethane in the liquid stream leaving the drum, using the sensors shown 
in the figure. This goal may or may not be possible within the accuracy required; 
therefore, an analysis of the system is performed. 

From a knowledge of vapor-liquid equilibrium, we expect that the temperature 
of the drum and the compositions will be related. In fact, the following model of 
the flash shows the relationship. 

FMfeed = FM/, + FMy 

FMfeedZ; = FM L X; + FMy If (17.3) 

Yi = KjXj 








where FM = molar flow 

X,Y, Z = mole fractions for liquid, vapor, and feed 

Ki = vaporization equilibrium constant depending on T, P 
P = pressure 
T = temperature 

From equations (17.3) it can be seen that the liquid ethane composition is a function 
of the feed composition and the temperature and pressure in the flash vessel. 
(Further details on the flash calculation and the data used in this example can be 
found in Smith and Van Ness, 1987.) Let us assume that the drum pressure is 
controlled at essentially a constant value by adjusting a valve in the vapor line and 
that the temperature can be maintained at its desired value by manipulating the 
steam flow. If the feed had only two components, the temperature and pressure 
would uniquely determine the liquid and vapor composition; however, the feed has 
six components. Therefore, the pressure and temperature do not exactly define the 
compositions in the two phases. The essential question to answer is how closely 
the temperature is related to the liquid ethane composition, that is, how accurate 
an inference of liquid ethane concentration is supplied by the temperature when 
changes in the process operation occur. 

The proposed inferential system is summarized by the following variables: 
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True variable = x e = liquid composition of ethane to be controlled 

at 0.10 ± 0.02 mole fraction 
Inferential variable = r = temperature 
Manipulated variable = heating medium flow 
Disturbance = feed composition (as subsequently defined) 

Inferential relationship: x e =aT + (17.4) 


An analysis is performed to establish whether the relationship between the temper¬ 
ature and the liquid ethane concentration is satisfactory for inferential control. It is 
not possible to develop a closed-form analytical model of this process; therefore, 
the inferential model will be developed based on data representing the process. 
This data could be developed from mathematical simulation or plant experimen¬ 
tation. In this case, where excellent data exists for the vapor-liquid equilibrium, a 
simulation was performed to generate the relationship shown as the “base-case” 
line in Figure 17.3. The first step in evaluating the potential inferential relation¬ 
ship involves determining whether the sensitivities are appropriate. Figure 17.3 
shows that the slope is about —0.0027 mole fraction per °C, which means that 
the expected errors in the temperature measurement and control, here estimated to 
be ±0.5°C, will not introduce a significant error in the calculated estimate of the 
ethane concentration. 

Since the temperature has passed the first step, the analysis is extended to 
the second step by including disturbances: unmeasured input operating vari¬ 
ables that are expected to change significantly. In this example, the feed com¬ 
position is the major disturbance. The question is whether the temperature re¬ 
mains a satisfactory inferential variable when the feed composition changes; to 
answer this question, additional cases that characterize typical plant variability 
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Temperature (°C) 

FIGURE 17.3 

The relationship between the flash temperature and the 
concentration of ethane in the liquid at the base-case pressure (1000 
kPa). Changes in methane are compensated by changes in butane of 
equal magnitude and opposite sign. 


have to be included in the analysis. In this example, the expected feed composition 
change from the upstream units involves offsetting differences in the methane and 
butane, which can be up to 5 mole %. The relationships between temperature and 
composition for the extremes of feed composition variation are shown in Figure 
17.3. Clearly, holding the temperature constant is not equivalent to maintaining 
the ethane concentration constant. For the expected changes in feed composition 
and the expected accuracy in controlling the temperature, ±0.5°C, the range of 
ethane liquid composition is from 0.091 to 0.117 mole fraction when the measured 
temperature is maintained at the proper value for no model error and nominal feed 
composition (25.5°C). Whether this accuracy is acceptable depends on the plant 
requirements; for this example it satisfies the stated objectives of inferential control 
(±0.02 maximum error). Since the accuracy with the inferential variable is accept¬ 
able, the temperature provides an acceptable steady-state inferential measure of 
ethane concentration in the liquid stream, and the control strategy in Figure 17.2 
could be appropriate. If it were not, perhaps due to a narrowing of the acceptable 
ethane concentration variation, an on-stream analyzer would be required. 

If the steady-state accuracy is satisfactory, the dynamics of the potential in¬ 
ferential control system must be evaluated. Good dynamic responses, as discussed 
in Chapter 13, would have such characteristics as a fast response with a short dead 
time. For this example, the temperature could be controlled by adjusting the heat¬ 
ing medium flow. Therefore, the dynamics seem favorable because the response 
would be fast. This judgment is supported by the dynamic response of this system 
presented in Chapter 24. 

Recall that the temperature controller set point must be corrected based on a 
measure of ethane concentration to achieve zero offset. The composition feedback 
could involve the temperature set point being occasionally corrected by the oper¬ 
ator based on infrequent measurements in the laboratory performed on samples 
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FIGURE 17.4 

Flash inferential temperature controller reset in a cascade design by a downstream analyzer. 
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taken from the drum liquid. An alternative design, shown in Figure 17.4, involves 
the temperature set point being adjusted by a downstream analyzer controller in 
a cascade strategy. In this design, the analyzer is located downstream because 
of cost; the single downstream analyzer can measure components for distillation 
control as well as the flash drum control. Note that the cascade strategy adjusting 
the inferential temperature would be advisable in Figure 17.4, because of the slow 
dynamic response between the heating medium and the analyzer. With the infer¬ 
ential temperature controller, reasonably tight control of the ethane concentration 
can be achieved without installing an additional on-stream analyzer at the outlet 
of the flash drum. 

Since the inferential set point is ultimately reset based on a measure of the 
true controlled variable, the inferential measure need not be extremely accurate. 
However, it should be reproducible; that is, the inferential sensor should provide 
essentially the same signal for the same process conditions. Then the slower feed¬ 
back based on the true variable would correct for inaccuracies in the inferential 
relationship and ultimately return the true controlled variable to its desired value. 

The control example in this section, using temperature of a flash equilibrium to 
infer composition, is a standard practice in many industries; in fact, it is so common 
that the term inferential may seem exaggerated. However, it provides an excellent 
initial example. The next section provides a summary of the general design method 
for inferential control, which can be applied to more challenging cases. 


17.3 □ INFERENTIAL CONTROL DESIGN CRITERIA 

The preceding example addressed all of the major design criteria, which are sum¬ 
marized in Table 17.2. First, an analysis of the process economics and expected 
disturbances is performed to determine whether an inferential variable is appro¬ 
priate. If yes, the process must be analyzed to identify a measurable variable 
with an acceptable relationship to the unmeasured, true controlled variable. It is 
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Inferenti al control is appropriate when _ 

1. Measurement of the true controlled variable is not available in a timely 
manner because 

• An on-stream sensor is not possible. 

• An on-stream sensor is too costly. 

• Sensor has unfavorable dynamics (e.g., long dead time or analysis time) 
or is located far downstream. 

2. A measured inferential variable is available. 


An inferential variable must satisfy the following criteria: 

1. The inferential variable must have a good relationship to the true controlled 
variable for changes in the potential manipulated variable. 

2. The relationship in criterion 1 must be insensitive to changes in operating 
conditions (i.e., unmeasured disturbances) over their expected ranges. 

3. Dynamics must be favorable for use in feedback control. 

Correction of inferential variable 


1. By primary controller in automated cascade design 

2. By plant operator manually, based on periodic information 

3. When inferential variable is corrected frequently, the sensor for the inferential 
variable must provide good reproducibility, not necessarily accuracy 


especially important to ensure that the inferential variable is adequate for the ex¬ 
pected range of plant operating conditions. Usually, the initial selection is based 
on a steady-state analysis, and the dynamic response is subsequently evaluated. 

Two similar approaches are used for designing inferential controllers. Both 
approaches are described in this chapter, along with industrial examples. One ap¬ 
proach determines the best inferential variables based on data (experimental or 
simulation) from the process; this type will be referred to as the empirical ap¬ 
proach. The inferential temperature in the previous flash control is an example. 
The other approach uses closed-form analytical models as a basis for inferen¬ 
tial relationships. An example of this approach, which will be referred to as the 
analytical approach, is applied to a chemical reactor in Section 17.6. The ap¬ 
plication of either approach involves nearly the same steps to yield an inferen¬ 
tial model for control. The analysis steps for each method are summarized in 
Table 17.3. 

Application of the design criteria in Table 17.2 and the steps in Table 17.3 en¬ 
sures that a proper inferential variable is selected, if one exists. These approaches 
are usually adequate, because inferential variables are employed to reduce, al¬ 
though not eliminate, large offsets due to disturbances. To reiterate, an inferential 
strategy can achieve zero offset only when the true controlled variable is ultimately 
measured and used to adjust the set point of the inferential controller. 


TABLE 17.3 

Steps required to design an inferential controller 


Step Empirical approach 


Analytical approach 


Select one or a few measured variables 
for evaluation. 

Derive the analytical model from 
fundamentals. 


1 Select one or a few measured variables 
for evaluation based on process insight. 

2 Develop a representative set of data that 
contains typical changes in the 
manipulated and disturbance variables. 

3 Develop a correlation between the 
measured inferential and true controlled 
variables by fitting the model to the data 
to determine the unknown parameters. 

4 Evaluate the accuracy and reproducibility 
of the correlation against process needs. 

This evaluation should consider realistic 
levels of noise on the inferential variable. 

5 Select the best of the inferential variables and evaluate the dynamic response for use 
in feedback control. 

6 If the best inferential variable is acceptable, design the control system including 
ultimate feedback from the true variable. 

7 If no measured variable has both acceptable accuracy and acceptable dynamics, 
then inferential control is not possible. An on-stream sensor should be purchased 
and installed, if available. If no sensor is available, then the control objectives 
cannot be achieved unless other steps, such as reducing disturbances, can be 
taken to reduce the variation in the true controlled variable. 


The analytical model provides the 
necessary correlations. 


Same, although sensitivity information 
can be obtained directly from the 
model. 


17.4 □ IMPLEMENTATION ISSUES 

An inferential controller using a single measured variable is basically the same as 
any other single-loop or cascade controller, and no special implementation consid¬ 
erations are necessary. If the correction from the true controlled variable is made 
manually by the operator, a simple correlation is helpful in deciding the necessary 
change in inferential controller set point. In the flash separator example, the slope 
of the correlation in Figure 17.3 indicates that the temperature should be changed 
+1°C for a change of —0.0027 mole fraction ethane. As an example of how the 
person would use the correlation, if the laboratory analysis were 0.0040 mole 
fraction below the desired ethane concentration, the operator would implement a 
—1.5°C change in the temperature set point based on the correlation. 

The situation changes when additional variables are used in the inferential 
relationship. In the flash separator, the strategy in Figure 17.2 might not be adequate 
if the drum pressure varied significantly, which can occur when the pressure is not 
controlled at the drum but varies with downstream units. A simple manner for 
considering this change would be to add an additional term, which would account 
for changing pressure, to the inferential correlation used to calculate the ethane 
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concentration. The enhanced inferential relationship would be 

x e = ct T + yP + p' (17.5) 

Again, this expanded relationship would be developed based on representative 
data for the system over the expected range of pressures. The effect of pressure 
for the base case feed concentration is shown in Figure 17.5, which would provide 
information for an additional linear term that would be valid over a limited range. A 
correlation using two measured variables in the inferential control strategy is shown 
in Figure 17.6. This is often referred to as a pressure-corrected temperature, which 
refers to the correction of the relationship between temperature and composition 
to account for pressure changes. 

The reliability of inferential controllers is the same as that of other similar sys¬ 
tems. Controllers using additional variables would be expected to have lower reli- 
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FIGURE 17.5 

The effect of pressure on ethane concentration in the 
liquid from the flash process at the base case temperature 
and feed composition. 


Controlled variable = T- 0.05 l(P - 1000) 



FIGURE 17.6 


Enhanced inferential controller with compensation 
for changes in pressure. 








ability. For example, the pressure-corrected temperature controller in Figure 17.6 
uses two measurements, and its reliability would be lower than the temperature- 
only design in Figure 17.2. Since sensors used in inferential control tend to have 
high reliability (their purpose is to replace the expensive and less reliable sensors), 
the slight loss in reliability is not usually a significant concern. 


17.5 Q INFERENTIAL CONTROL EXAMPLE: DISTILLATION 

This example extends the concept of the flash separator to a distillation tower. 
In operating a distillation tower, the product purities are achieved by adjusting 
manipulated variables such as the reboiler heating medium and distillate product 
flows. On-stream analyzers can be used successfully to control distillation; how¬ 
ever, each analyzer is expensive, and not all towers require such accurate control of 
both product qualities. Therefore, an important question arises concerning which 
tray temperature, if any, can be used to infer the product composition. An analysis 
will be described here that, by following the general inferential design criteria, 
provides an answer to this question. This example considers the distillation tower 
in Figure 17.7, where the top product composition is to be controlled, but no ana¬ 
lyzer is available. The tower separates a feed that contains benzene, toluene, and 
xylene. The top product contains benzene and toluene and 1 mole % xylene, and 
the bottom product contains xylene and 2.4 mole % toluene. The temperature pro¬ 
file is given in Figure 17.8 for the base-case operation. The goal is to control the 
inferred top composition by adjusting the distillate flow. The potential inferential 
control strategy is summarized as follows: 


True variable — xo = heavy key in distillate = 1 mole % 

Inferential variable = T = tray temperature 

Manipulated variable = distillate flow rate 

Disturbances = reboiler duty, feed composition 

Parameters = tray efficiency, thermodynamics 

Inferential relationship: x D = otT+p (17.6) 


A procedure similar to the flash example is followed, except that several tray 
temperatures are initially considered, with the goal of selecting the best single tem¬ 
perature. The trays considered are numbered 1,5,10, and 30 from the top; all trays 
could be included in this analysis, but that would expand the number of graphs. 
As we learned in Chapter 16, transformations of highly nonlinear relationships 
can often improve the performance of linear control systems. In this example, the 
log of the composition is controlled to linearize the feedback loop; this feature 
is not required for inferential control but is a good practice in distillation control 
(e.g., Koung and Harris, 1987) and is included in the control design. Potential 
relationships between tray temperatures and overhead composition for changes 
in operating conditions are evaluated in Figure 1 1.9a through c for changes in 
the manipulated variable (distillate flow) and in the disturbances (reboiler duty 
and feed composition). The distillation tower is too complex to use an analyti¬ 
cal model to determine the relationships. Therefore, the values in these figures 
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Column design 

Components: Benzene, toluene, xylene 

Feed composition: 10,45,45 mole % 

Tower design: 42 ideal trays 

Feed at tray 21 from top 
Pressure = 1000 kPa 

Distillate/feed = 0.55 
Reflux/distillate = 1.01 

Base case compositions: Distillate 1 mole % xylene 
Bottoms 2.4 mole % toluene 


FIGURE 17.7 


Parameters for the distillation tower investigated for inferential tray 
temperature control. 



FIGURE 17.8 

Tray temperature profile for the base case distillation 
tower. 


were obtained by detailed steady-state simulations of the tray-by-tray model with 
accurate thermodynamic data (Kresta, 1992). 

For good inferential control, the selected tray temperature would have nearly 
the same constant slope for all figures. Each of the candidate tray temperatures 
is evaluated individually to determine whether it satisfies the design criteria. The 
results in Figure 17.9a show the relationship as the manipulated variable changes, 
and the results in Figure 17.9b and c show the relationship as disturbances occur. 
All figures show clearly that the tray 1 temperature does not change significantly 
even though the tower operation and top product purity change. Thus, the top 
tray temperature would be a very poor inferential variable, because the sensor 
errors and low-magnitude noise would invalidate any correlation drawn from these 






Tray temperature (K) Tray temperature (K) Tray temperature (K) 



-4 -3.5 -3 -2.5 -2 -1.5 -1 


Log distillate impurity 
(a) 



Log distillate impurity 
(b) 



FIGURE 17.9 


Relationship between tray temperature and distillate 
composition; (a) for ±5% changes in the distillate flow with the 
feed composition and reboiler duty constant; ( b ) for ±5% 
changes in the reboiler duty with distillate flow and feed 
composition constant; (c) for changes in feed composition with 
distillate flow and reboiler flow constant. 
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simulations; therefore, tray 1 will not be considered further. Additional analysis 
of the figures reveals that tray 30 is not acceptable, because the slope changes 
sign between Figure 17.9a and b. For this tray temperature, a temperature increase 
would indicate an increase in top purity for some situations and a decrease in 
top purity for other situations. This would not be a good inferential variable—a 
result that might be expected, because the feed tray is between tray 30 and the 
top product, which is usually not advisable in distillation tray temperature control. 
Of the remaining trays, both trays 5 and 10 have reasonably linear responses, 
with sensitivities much greater than the noise in the temperature sensors and not 
changing greatly for the three figures. Thus, the temperatures for trays 5 and 
10 satisfy the steady-state criteria based on this open-loop data. The preliminary 
conclusion is that either tray 5 or 10 would be an acceptable inferential temperature. 

To evaluate this preliminary conclusion, tray 7 was chosen as representative 
of either tray 5 or 10 and was controlled by adjusting the distillate flow as shown 
in Figure 17.10 for feed composition disturbances. The steady-state errors in top 
product composition are plotted in Figure 17.11 for the case without an analyzer 
resetting the inferential controller. This measure of performance is used to evaluate 
the reduction in steady-state offset from perfect control that could be achieved with 
inferential tray temperature control. As can be seen, the top composition remains 
much closer to its desired value compared with the results without inferential 
control (open-loop), indicating that, in this case, the tray 7 temperature is a good 
single-tray inferential variable. Thus, inferential control offers the potential for 
much improved control performance. 

The dynamic response of the inferential controller should also be evaluated. 
In this case, the tray temperature, being in the top section of the tower, introduces 
only a few trays between the controlled and manipulated variables. The dynamic 
response between the manipulated distillate flow and the controlled temperature 
is expected to be fast. Thus, the selection would appear to be appropriate from a 
dynamic viewpoint. 



FIGURE 17.10 

Control strategy for tray temperature inferential 
control. 
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—■— Open-loop —n— Tray 7 control 

FIGURE 17.11 

Steady-state offset for the distillation tower without control 
(open-loop) and with tray 7 inferential control (without 

analyzer feedback). 

To achieve the zero offset performance at steady state shown in Figure 17.11, 
the tray temperature must be adjusted to correct small errors in the inferential rela¬ 
tionship. This can be done by an operator, who would make manual changes to the 
set point based on periodic laboratory analyses. Alternatively, the tray temperature 
controller can be a secondary that is reset by an analyzer feedback controller. Such 
an approach is shown in Figure 17.10. 

The procedure just described does not always identify a good tray temperature, 
because in some distillation towers no single tray temperature is a good inference of 
product composition. An example of this situation occurs when the key components 
have nearly the same volatility. The tray temperatures are not very different, so that 
the temperature variation due to composition changes is within the measurement 
accuracy of the sensor; in this situation the tray temperatures would not be expected 
to correlate with product composition. This situation occurs in the separation of 
propylene and propane by distillation, which demands a high-purity top product 
with a relative volatility of about 1.1 (Finco et al., 1989). To provide good product 
composition in these distillation towers, on-stream analyzers are usually provided. 

The development of an empirical inferential model in this section followed 
the same steps used for the flash separator. Inferential tray temperature controllers 
designed using methods similar to the analysis in this section are widely applied 
in the process industries; in fact, far more distillation tower product composition 
controllers use tray temperature inference than use on-stream analyzers. 

17.6 a INFERENTIAL CONTROL EXAMPLE: CHEMICAL 
REACTOR 

The inferential control examples for the flash and distillation processes demon¬ 
strated the empirical inferential method, in which the model is based on fitting 
representative data. In this section the analytical method is demonstrated for a 
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FIGURE 17.12 

Packed-bed chemical 
reactor considered for 
inferential control. 


process that can be represented by a simple closed-form model. The example 
in this section is the packed-bed reactor with an exothermic reaction shown in 
Figure 17.12. The goal is to control the moles reacted without an on-stream ana¬ 
lyzer. Simplified steady-state material and energy balances, assuming no heat loss, 
for the packed-bed reactor with a single reaction occurring are 

A-» B 

A T = -AH nn ^-X A = Z^IIaCa (17.7) 

pCp pCp 

AT = T4-T3 

where C A = concentration of A, moles/volume 
p = density, mass/volume 
C p = heat capacity, energy/(°C • mass) 

AH nn = heat of reaction, energy/mole 

X A = fraction of feed reacted = (CAin - CAout)/CAin = ACa/Cam 

A brief summary of the inferential system being evaluated is 


True variable = A C A = moles of A reacted 
Inferential variable = AT = temperature difference 
Manipulated variable = heating medium flow 

Disturbances = inlet concentration, feed flow rate 

Parameters = P, C p , AH m 

Inferential relationship: AC a = aAT+f} (17.8) 


To evaluate the inferential measurement, the design criteria are applied; they re¬ 
quire a good relationship between the true variable and the inferential variable 
when the manipulated variable is changed and little modification to the relation¬ 
ship when disturbances occur. On the first issue, there is clearly a strong relation¬ 
ship between temperature difference and amount reacted, which could provide a 
reliable inference as the inlet temperature changes. The success of this approach 
depends on the temperature difference being much larger than the sensor error 
and noise in the temperature sensors, as is often, but not always, the case. On the 
second issue, the relationship is insensitive to changes in operating variables such 
as feed rate and inlet composition as seen in equation (17.7). However, the rela¬ 
tionship is dependent on parameters such as heat capacities and heat of reaction; 
if these parameters are relatively constant, they will not influence the accuracy of 
the inferential measurement. Therefore, controlling temperature difference across 
the reactor could provide good inferential control of amount reacted. 

Notice that the analysis to this point is for steady-state conditions. As previ¬ 
ously mentioned, the control system dynamics must also be investigated. A typical 
dynamic response of the inlet and outlet temperatures and the instantaneous tem¬ 
perature difference to a step increase in the heating medium valve position are 
given in Figure 17.13. The inlet temperature responds quickly, while the outlet 
temperature responds slowly, because of the time required to heat the catalyst. 
Therefore, the instantaneous temperature difference is not a good inference of 
reactor performance, even though the steady-state temperature difference is an 
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FIGURE 17.13 


Plot of key variables for packed-bed reactor 
inferential control. Note the significant inverse 
response of the instantaneous temperature difference. 


acceptable inferential variable. The figure demonstrates the complex inverse re¬ 
sponse between the manipulated (valve position) and potential controlled (AT) 
variables that results from this seemingly simple inferential control design. The 
initial inverse response can be a large multiple of the final change, and a PID con¬ 
troller might not perform well for this response, depending on the extent of the 
inverse response, as demonstrated in Example 13.8. 

One method for using the available measurements is to wait for the process 
to achieve steady state before calculating a correction in the heating medium flow. 
This approach would result in very slow feedback and poor performance if frequent 
disturbances occur. A better control design for this example would compensate the 
temperatures used in the difference to account for the dynamics. One approach for 
this is shown in Figure 17.14, in which the inlet temperature is passed through a 
dynamic element that matches the outlet temperature response. The element TY- 
2 in the control strategy has the dynamics of the transfer function T4(s)/T3(s). 
Then, the two temperatures can be compared and used for control with a PID 
control algorithm, which would not “see” the inverse response. Another approach 
would be to use a predictive control algorithm in place of the PID; predictive 
control, which employs a simple dynamic model in the control calculation and is 
able to control processes with complex responses like the one in Figure 17.13, is 
presented in Chapter 19. 

If the goal in this example were to control the outlet concentration C Aou t rather 
than the conversion, the analysis would have to be repeated for this different true 
controlled variable. The relationship between outlet concentration and temperature 
difference is unchanged as equations (17.7); however, a key operating variable that 
might change significantly—inlet concentration—appears in the relationship, as 
follows. 


AT = ——^(C Ain - C Aout ) (17.9) 

pCp 

Therefore, maintaining the temperature difference constant does not ensure con¬ 
stant outlet concentration when the inlet concentration changes. Further study 



Design for packed-bed reactor 
inferential temperature difference 
control that does not have an inverse 

response. 
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FIGURE 17.15 

Fired heater process with basic 
controls considered for 
enhancement by inferential 
control. 


would have to be performed to determine the typical variation in inlet concentration 
and whether this variation would introduce unacceptable errors in the inferential 
calculation of Caoui- 

One more possibility can be explored in the reactor example. In chemical react¬ 
ing systems with multiple reactions, it is often important to control the selectivity 
of feed to the more valuable product as well as controlling the total conversion. 
Thus, we investigate here whether the temperature difference can be used to infer 
selectivity. The steady-state energy balance follows for a reactor with two parallel 
reactions in which the feed can react to either product B or product C. 

A -»• B with moles reacted = %b 
A -»• C with moles reacted = £c (17.10) 

AT = (-A H b ) rxn £fl + (—A#c)rxn£c 
PC P 

It can be seen from the equations that the selectivity is not uniquely determined 
when the temperature difference is specified. A measured temperature difference 
could be the result of many ratios of the products B and C. Therefore, the tem¬ 
perature difference is not a satisfactory inferential variable for selectivity in this 
case. In fact, if the ratio of £b/£c changes significantly during plant operation and 
the heats of reaction are different, the temperature difference is not even a good 
inference of the total conversion of reactant A. 

The development of an inferential model based on fundamental modelling 
principles was demonstrated in this section. 


When possible, the inferential control model should be based on fundamental mod¬ 
elling principles. 


This method provides excellent insight into the variables included in the model 
as well as the model structure. The model also provides insight into the accuracy 
of the inferential estimate for changes in the operating variables and physical 
properties. 

17.7 m INFERENTIAL CONTROL EXAMPLE: FIRED HEATER 

As another example, inferential control can be combined with cascade control to 
improve the performance of the fired heater shown in Figure 17.15. The outlet 
temperature of the fluid in the coil is to be controlled tightly, and a primary sensor 
is available for this purpose. As discussed in Chapter 14, this strategy benefits 
from a cascade design with a secondary fuel flow controller that corrects for some 
disturbances. However, the cascade does not correct completely for the effect of 
changing fuel gas density. The upset occurs because the heat of combustion changes 
as a result of changing fuel gas composition (density); thus, the heat transferred to 
the coil is disturbed. An improvement to the cascade control design in Figure 17.15 
involves an inferential variable as the secondary of the cascade that indicates the 
heat released through combustion of the fuel gas. The best inferential variable of 
the heating value depends on the gas composition; a good inferential measure for 
a mixture of light hydrocarbons without hydrogen, which is a common industrial 





fuel gas, is the mass flow rate of fuel (see question 17.7). To improve the response 
to a composition disturbance, the secondary controller in the cascade design could 
be altered to ensure that the mass flow, rather than the pressure difference across 
the orifice, is maintained constant. The potential inferential system is summarized 
as follows: 
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True variable = Q = actual rate of heat released via combustion 

Inferential variable = F m = mass flow rate of fuel 

Manipulated variable = fuel valve posidon 

Disturbance = fuel composition 

Inferential reladonship: Q=aF m +p (17.11) 


The mass flow can be calculated as the product of the volumetric flow rate and the 
density according to the following equation: 


F m = Kj—p = KjpVAP 
P 


(17.12) 


where A P = pressure difference across the orifice 
p = density of the fuel gas 


The inferential calculation requires an additional measurement: the density 
of the fuel gas at the stream conditions. This measure can be used so that the 
secondary controller maintains the heat fired, rather than the A P, at the desired 
value. The improved control strategy shown in Figure 17.16 provides superior 


Flue gas 



FIGURE 17.16 

Fired heater with inferential control for 
better performance as fuel gas composition 

changes. 
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17.8 □ ADDITIONAL TOPICS IN INFERENTIAL CONTROL 

Application of the method described in the previous sections often leads to an 
adequate inferential model if one can be found. Several alternative approaches to 
inferential control require advanced mathematics to cover completely; thus, only 
the basic concepts are introduced here, along with references for further study. 

Multiple Measurements 

Often there are many measurements available for use in an empirical inferential 
model. If the measurements have independent effects on the true controlled vari¬ 
able, the method explained in this chapter can be used. However, the measurements 
may have correlated effects on the true controlled variable. In the correlated case, 
caution must be used when fitting the model to the empirical model. For example, 
an inferential model for the distillation example could be formulated using many 
(even all) tray temperatures and flows as follows: 

( x D )i =ot\T\ + a 2 T 2 + -httn+iF* +a n+2 F D + - \-a m P (17.13) 

where (jc d)i = calculated estimate of the true controlled variable 

Tj = temperature of ith tray 
F R = reboiler heating medium flow rate 
Fd = distillate product flow rate 
P = pressure 

The coefficients a,- could be determined from plant data using linear regression 
(e.g., Draper and Smith, 1981); however, the strong correlation among the in¬ 
put variables can lead to a model with poor predictive ability. Note that the tray 
temperatures will be strongly correlated among themselves, since adjacent tray 
temperatures tend to increase or decrease as the product purity changes. The diffi¬ 
culty arises because the large number of parameters enables the model to fit much 
of the “noise” in the data. More advanced statistical model building and diagnostic 
methods based on multivariate statistics are recommended when correlated inputs 
are used (Kresta et al., 1994; Mejdell and Skogestad, 1991). 

Plant Conditions 

It is important to recognize that the empirical model represents correlation between 
the inputs (inferential variables) and output (true variable) in a base-case set of data 
used in model building. This empirical model should be used only within the range 
of plant operating conditions used for building the model. Operating conditions 


performance for disturbances in fuel composition, because it rapidly adjusts the 
fuel flow so that the total heat fired is maintained at its desired value. Control 
designs based on this principle have proved to be extremely successful in industrial 
applications (API, 1977). The reader should be aware that the other combustion 
inferential measurements and control calculations should be used for different 
fuel compositions, such as when hydrogen or inert gases are present (Duckelow, 
1981); thus, the control design that is satisfactory for this example is not generally 
applicable for all combustion systems. 



could be feed rates, feed compositions, product quality specifications, or control 
strategies. The empirical inferential model could give poor predictions when used 
outside the base-case conditions and should be reestimated when plant operations, 
including control structure, change (Kresta et al., 1994). 

Kalman Filter 

A powerful method exists when a fundamental dynamic model is available. The 
Kalman filter provides a method for using measured variables to update the funda¬ 
mental model and provide a dynamic estimate of the unmeasured true controlled 
variable (Grewal and Andrews, 1993). This method requires mathematics beyond 
the general level in this book; considerable engineering effort; and, when applied, 
more intensive real-time computing. It should be considered when a dynamic in¬ 
ferential variable is required. 


17.9 n CONCLUSIONS 


The importance of inferential control cannot be exaggerated. Many variables are 
difficult or impossible to measure on-stream for use in automatic, real-time control. 
To counter this shortcoming, inferential control is widely applied in the process 
industries. It may seem surprising that most of the analysis in this chapter involved 
steady-state relationships. This situation results from two causes. First, the ma¬ 
jor benefits for inferential control often result from a substantial reduction of the 
steady-state offset of the true controlled variable from its desired value. To achieve 
this goal, the inferential variable with the most accurate steady-state relationship is 
desired, even if the dynamics of the inferential controller are not the best. This situ¬ 
ation is demonstrated in the chemical reactor example, where the inverse response 
dynamics are not desirable. 

Another reason for the emphasis on steady-state analysis is the lack of a gen¬ 
erally accepted design method for dynamic inferential control based on empirical 
models. Some initial developments in this area are noted by Kresta (1992). Note 
that the Kalman filter also addresses dynamic control of unmeasured variables 
when fundamental models exist. 

When engineers first encounter inferential strategies, they often believe that 
the designs were based on trial-and-error methods or perhaps developed through 
years of observing process behavior. To the contrary; the evaluation of inferential 
variables follows the procedure presented in this chapter. However, the insight 
required for selecting the proper measurements and process relationships cannot 
be condensed into a simple procedure. This is a critical step, because inferential 
relationships can be developed over time using plant data only if the design engi¬ 
neer has provided the appropriate sensors. An additional challenge is to determine 
the proper candidates from among the numerous existing sensors—a decision re¬ 
quiring process knowledge, tied to the understanding of the final application with 
noisy sensors and process disturbances. Engineers should view this situation as an 
opportunity to apply their technical and problem-solving skills to this important 
aspect of process monitoring and control, recalling that “engineering insight” usu¬ 
ally comes from application of fundamental principles, quantitative analysis, and 
hard work. 
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ADDITIONAL RESOURCES 

For additional examples of selecting a single tray temperature for distillation con¬ 
trol, see the following: 

Luyben, W., “Profile Position Control of Distillation Columns with Sharp 
Temperature Profiles,” AIChE J., 18,1, 238-240 (1972). 

Tolliver, T., and L. McCune, “Finding the Optimum Temperature Control 
Trays for Distillation Columns,” In. Tech., 75-80 (September 1980). 

Experimental design is a crucial step in collecting data for model structure 
selection and parameter estimation. Only the most rudimentary data was used in 
the examples in this chapter; experimental design is covered in 

Box, G., S. Hunter, and J. Hunter, Statistics for Experimenters, Wiley, New 
York, 1987. 


QUESTIONS 

17 . 1 . (a) Discuss the inferential design criteria in your own words. 

( b ) Why are cases with changes in disturbance and manipulated variables 
included when selecting an inferential variable? 



(c) Suppose that a recommendation were made to select an inferential dis¬ 
tillation tray temperature that had a large slope (A T/ A (tray number)); 
would you use this method? 

{d) Discuss how specifications on product quality and economic values 
for energy and product quality would be used when evaluating an 
inferential variable. 

( e ) Complete the block diagram in Figure 17.1 for closed-loop, feedback 
control of the true controlled variable, CV, 0), using cascade control. 
Give the required modes for both controllers in the cascade to ensure 
that there would be zero steady-state offset in the true variable for a 
steplike disturbance. 

17 . 2 . When the inferential controller is a secondary in an automated cascade 
design, the primary controller can be thought of as correcting the inferential 
model. 

(a) Given the following model for the control strategy in Figure 17.5, 
explain how the primary controller corrects the inference; that is, which 
parameters) are essentially modified through the feedback. 

x e = aT + f} 

Qj) How does this feedback affect the stability of the secondary loop? 

17 . 3 . The measured variables used directly or in calculations for inferential vari¬ 
ables described in this chapter have been outputs (causes) from the process. 
It would be possible to measure inputs, both manipulated variables and dis¬ 
turbances, and build an inferential model using process input variables. 

(a) Describe the similarities between inferential control using input vari¬ 
ables and other enhancements covered in Part IV. 

( b ) Discuss the differences between using process output and input vari¬ 
ables for inferential control and when each would be preferred. 

17.4. An analyzer feedback control system that adjusts the reboiler heating 
medium flow, as in Figure Q14.6, is subject to disturbances in heating 
medium temperature. Design an inferential controller, implemented as a 
cascade secondary, that would improve control performance for the distur¬ 
bances noted. State the assumptions you have made in the design. 

17.5. Consider the following questions for the flash process in Section 17.2. 

(a) How well would the temperature inferential controller perform if the 
feed had only two components: ethane and propane? 

(b) For the original feed composition and operating conditions in Ta¬ 
ble 17.1, how well would the temperature perform as an inference 
of the ratio of n-butane to n-propane in the liquid phase? 

17.6. The series of two chemical reactors in Example 3.3 are considered in this 
question. The reaction is A -> B, and because of the cost of sensors, the 
measurements available are the feed flow, tank temperature, and second- 
tank composition of component A. Evaluate the use of these measurements 
for inferential control of the composition of component B in the second 
tank, which should be maintained within ±0.05 mole/m 3 . 
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17.7. Collect data on the heats of combustion for light hydrocarbons (Cl to C4), 
hydrogen, and carbon monoxide. 

(a) In Section 17.7, the proposal was made that the mass flow is an accept¬ 
able inferential variable for the rate of heat release upon combustion 
for a stream of light hydrocarbons only. Evaluate this statement for 
significant changes in the stream composition. 

( b ) Reconsider (a) when significant hydrogen has been added to the stream. 
Is mass flow an acceptable inference? If not, what measured or calcu¬ 
lated flow quantity is an acceptable inferential variable? 

(c) Reconsider ( b ) with significant carbon monoxide. 

17.8. Implementing an inferential controller using several measured variables 
should involve special care. 

(a) Provide a detailed description of the calculations required to imple¬ 
ment the digital inferential controller using temperature and pressure 
shown in Figure 17.7. You should consider initialization, calculation 
of the controlled variable, the feedback controller, and reset windup 
protection. 

(b) Assume that it is possible to check the validity of all measured sig¬ 
nals used in (a); this might be achieved by ensuring that the signal is 
within the allowable range. Add the logic used to respond to an invalid 
measurement for pressure and temperature. (Hint: The logic should be 
different for the two measurements.) 

(c) Discuss the use of filtering the measured variables in inferential control. 

17.9. A criterion for perfect steady-state inferential control in response to a dis¬ 
turbance is given in Section 17.1. Extend this approach to determine the 
criterion for perfect steady-state inferential control in response to a step 
change in the inferential controller set point. How would you determine 
which of these criteria is important for a potential application? 

17.10. The concentration of component B (C B ) in the reactor system in question 
5.12 is to be controlled. It cannot be measured, but the feed concentration 
of component A (Cao). reactor volume, and inlet flow can be measured. 
Propose an inferential variable for this system and discuss its strengths and 
weaknesses. 

17.11. Derive the model used for the inferential control of the fixed-bed reactor, 
equation (17.7). 

( a ) Discuss how you would evaluate (1) the required accuracy (or repro¬ 
ducibility) for the temperature sensors, (2) the effects of heat transfer 
to the surroundings, and (3) the sensitivity of the inferential variable 
to changes in the feed flow rate. How would the results differ if a new, 
more active catalyst were used in the reactor? 

(zb) Suggest a modification to the control system design in Figure 17.15, 
employing an enhancement presented in Part IV, that would provide 
better performance for disturbances in T2. 

17.12. For the inferential control system with closed-loop analyzer feedback in 
Figure 17.5: 
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(a) Can the concentration of the ethane and lighter components in the 

propane product be controlled by adjusting variables in the final dis¬ 
tillation column? If yes, which variables? Questions 

(b) The same analyzer could measure the amount of butane in the propane 
product. Could this variable be controlled by adjusting a manipulated 
variable in the distillation column? If yes, which variables(s)? 

17.13. The concentration of component A (Ca) is to be controlled in the non- 
isothermal CSTR in Section 3.6. It is not measured, but the following 
measurements are available: F, Cao. To, T, V, F c , T cm , and T C0M . Pro¬ 
pose an inferential variable for this system and discuss its strengths and 
weaknesses. 



Level and 
Inventory 
Control 



18.1 n INTRODUCTION 

Level control is extremely important for the successful operation of most chem¬ 
ical plants, because it is through the proper control of flows and levels that the 
desired production rates and inventories are achieved. Since some level processes 
are non-self-regulatory (i.e., unstable), automatic control is required to prevent 
the levels from overflowing or emptying completely when flow disturbances oc¬ 
cur. Furthermore, the performance of some processes, such as chemical reactors, 
depends critically on the residence time in the vessel, which in turn depends on 
the level. In addition, the study of level control is helpful at this point because it 
emphasizes the importance of control objectives in controller design and tuning. 
Contrary to the situation with most control loops, the behavior of the manipulated 
variable—a flow in or out of the vessel—often is of as much importance as is 
the controlled variable itself! Thus, we have to modify some of the approaches 
developed in previous chapters to achieve the desired dynamic performance. As 
should be expected, these modifications are based on the principles of dynamic 
modelling and control system stability and performance. 

In this chapter we will first review the types of inventory processes and their 
process dynamics. Liquid levels are used throughout this chapter, but the results 
are also applicable to the control of inventories of solids and gases, although the 
process equipment and sensors must be modified. As we will see, level is one of the 
few industrially important processes for which the closed-loop dynamic response 
can be determined analytically. Based on this analysis, the dynamic performances 
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of standard feedback controllers are evaluated, and the tuning rules and feedback 
controller algorithms to meet new objectives are developed. Finally, some ad¬ 
ditional application issues, such as selecting manipulated variables for levels in 
series, are discussed. 



18.2 □ REASONS FOR INVENTORIES IN PLANTS 

There are many good reasons to include inventories in plants. First, inventories 
are provided to enable plant operation to continue when some flows temporarily 
decrease, perhaps to zero. Some examples of periodic fluctuations in selected 
flows are feed material delivery, product shipping, and individual unit shutdown 
for maintenance. Inventories to account for these discontinuous flows can be quite 
large—on the order of hours or days of processing—so that plant operation can be 
maintained for periods when one or a few flows are zero. For example, a petroleum 
refinery which processes 700 m 3 /h of crude oil and receives deliveries every three 
days requires over 50,000 m 3 of inventory and usually has much more, to store 
different crude oils separately and to account for delays in feed delivery. 

Another important use of inventories is to ensure liquid flow to a pump. If the 
vessel were to empty, liquid flow would be interrupted to the pump. Many pumps 
cannot automatically resume flow after the flow has stopped; even worse, many 
pumps can be damaged if they remain in operation without flow. Therefore, a liquid 
inventory is required at all times. For most units, an inventory with a holdup time 
(jh = maximum volume divided by normal flow rate) of 5 to 10 min can attenuate 
normal flow variations. 

Finally, inventories can be placed between a disturbance source and a sensitive 
unit to attenuate variation in stream properties and flow rate in input flows, so that 
the disturbance magnitude to the sensitive unit is significantly decreased. Vessel 
sizing to reduce disturbances, using frequency response principles introduced in 
Parts II and in, is demonstrated in the following example. 

EXAMPLE 18.1. 

The concentration of a feed stream to a stirred tank, C A o. experiences significant 
variation due to upstream process operation. The liquid flow rate is 2 m 3 /min, and 
the variation can be closely approximated as a sine wave with an amplitude of 20 
g/m 3 and a period of 6 min/cycle. Analysis has determined that the disturbance 
cannot be reduced further in the upstream unit. The downstream chemical reactor 
can tolerate inlet concentration variation C A of no more than 2.0 g/m 3 . Determine 
the size of a well-mixed vessel to be placed before the reactor. Assume that the 
vessel volume is controlled at a constant value. 

We begin by deriving the component material balance on the liquid in the 
stirred tank, as given below. 



For this example, the volume (V) and the flow rate (F) are constant; therefore, the 
equation is linear. We can express the balance in deviation variables from an initial 
steady state to give 

r 7T +C ' A = KpC ' M = C ' M where K p “ 1 and T = J 

By taking the Laplace transform, we can determine the transfer function model. 



Reasons for 
Inventories in Plants 


C' A0 (s ) rs + 1 

For this system, the time constant r is equal to V/F. The amplitude ratio is 

■ r fatMl 1 

|c;„(»| + 1 

The value for the time constant and the volume can be calculated from these 
relationships: 

io = 27r/period = (6.28 rad/cycle)/(6 min/cycle) = 1.047 rad/min 


AR = 2/20 = 0.1 

r = —,/ —!-r — 1 = 9.50 min 
co\ AR 2 

V = tF = (9.5 min)(2 m 3 /min) = 19 m 3 


In spite of the many helpful aspects of inventories, there are several reasons 
to minimize or eliminate them. First is the cost of the vessels themselves, along 
with the land or building space and maintenance. Second is the cost of material 
inventory, which is money invested in feedstock rather than distributed as profit. 
Third is the potential quality degradation from storing material. Finally, and often 
most important, is safety; the net effect of any accident can be much worse when 
a large inventory of flammable or hazardous material is involved. 


Thus, only the minimum inventory is provided in a plant to achieve the desired 
dynamic operation. 


As is apparent by now, control objectives play a major role in the design and tuning 
of feedback strategies. Levels are normally controlled by adjusting a flow in or 
out of the vessel. (The selection is discussed later in the chapter.) Assume that the 
level in Figure 18.1 is to be controlled by adjusting the flow out and that the flow 
in experiences flow rate disturbances. Analysis of the entire process is required 
to determine the control objectives, and two distinct situations commonly occur. 
The first, referred to as tight level control, is where the level is very important 
and variation in the manipulated flow is not of great importance; for example, 
this situation occurs when the vessel is a chemical reactor, with the manipulated 
flow going to a storage tank. The second situation, referred to as averaging level 
control, occurs when variation in the level is not important, as long as the value 
remains within specified limits, but the manipulated flow should not experience 
rapid variations with a significant magnitude. This situation occurs in controlling 
the level of a storage drum upstream of a critical unit. These two different control 
objectives are summarized in Table 18.1 with their common designations, tight 
and averaging level control. 
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TABLE 18.1 

Comparison of tight and averaging level control 

Variable Tight level control Averaging level control 


Controlled variable: level Fluctuations should be reduced Fluctuations within specified 

to a small magnitude limits, e.g., 20 to 80%, 

are allowed 

Manipulated variable: flow Fluctuations required to Fluctuations are to be 

achieve desired level minimized, consistent with 

performance are accepted maintaining the level within limits 


18.3 □ LEVEL PROCESSES AND CONTROLLERS 

The level processes must be understood before controller algorithms can be se¬ 
lected. Plant vessels are built in many different shapes, such as vertical and hor¬ 
izontal drums and spherical and cylindrical tanks. To simplify the mathematical 
analysis, only cylindrical tanks with straight sides are considered in this chapter, 
but all results can be extended to more complex designs, although many vessels 
do not significantly deviate from these assumptions in their normal range of oper¬ 
ation. Most of the level processes can be characterized by one of the four process 
designs shown in Figure 18.2. Each of these processes is briefly described here, 
and models are derived for the industrially important designs. 



(c) {d) 

FIGURE 18.2 


Various common level processes. 
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The overflow process in Figure 18.2a is seldom used in chemical plants be¬ 
cause of its inflexibility in changing the level; however, it is used for large flows 
where gravity can be used as the driving force (e.g., in wastewater treatment plants). 
The gravity flow process in Figure 18.2£> is not used frequently in process plants 
either, because it also requires a plant to flow downhill. Therefore, the process 
designs in Figure 18.2a and b will not be considered further in this chapter. 

The level with flow out via a pump shown in Figure 18.2c is a very common 
design. The flow out depends on the valve position v and the pressure drop; here, 
the valve characteristic is assumed linear, so that C v = K. When a pump supplies 
the driving force for flow, the pump outlet pressure is relatively constant; thus, the 
flow is independent of the level. 



= Fin - F 


out 


Fou, = K( v) 


Pi- Pa 

P 


with P\ constant 


(18.1) 

(18.2) 


The flow from a high-pressure to a much lower-pressure system in Figure 
18.2 d also involves a nearly constant pressure drop, since the effect of the head of 
liquid is very small. Thus, it is independent of the liquid level. 


dL 

A ~ = Fn F out 
dt 


Fou, = K(V\ 


'Pi - Pa 


8 


with P\ = P 3 + pL — ^ P 3 

8c 


(18.3) 

(18.4) 


Level Processes and 
Controllers 


The models derived in equations (18.1) to (18.4) demonstrate that the levels in Figure 
18.2c and d are non-self-regulating, because the derivative of the level (the flows in 
and out) is not significantly influenced by the liquid level. 


The responses of such levels without control to two common input flow distur¬ 
bances are given in Figure 18.3a and b. As is apparent, the level without control can 


Level 


Flow in 



Time 

(a) 



C b) 

FIGURE 18.3 


Response of a non-self-regulating level without control: (a) to sine flow variation; (b) to a pulse 

flow variation. 
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exceed its limits for all disturbances, depending on magnitude, and will definitely 
exceed limits for a step change. 

Based on the open-loop responses, one would conclude that feedback control 
is essential. The process has no dead time and a phase lag of only 90°, indicating 
that feedback control would be straightforward for tight level control. This is 
actually the case in many systems, since the sensor and valve dynamics are usually 
negligible. The characteristics of several common level feedback control systems 
are now considered. The derivations involve the flow as the manipulated variable 
in a cascade structure as shown in Figure 18.1, which is essentially the same as 
manipulating the valve for the levels under consideration. 

We begin by considering proportional-only feedback control. For the non¬ 
self-regulating process, the following derivation provides the transfer function for 
the closed-loop system. 

= f,; - k, i < i8 - 5 > 


with L' = L — L s and F' = F — F s . Substituting the control equation (F' ut = 
K c (Lsp — L) = —K C L'), with K c < 0 for negative feedback, A the constant 
cross-sectional area, and L s = L$p, and taking the Laplace transform yields the 
following transfer function: 


L(s) 

FM 


1 H-K c ) 


(—Kc) 


s + 1 


(18.6) 


Note that the closed-loop system is first-order, clearly self-regulating. As a result, 
the response of the level and the outlet flow to a step change in the inlet flow would 
be overdamped. As expected, the level is not necessarily controlled to its set point; 
the steady-state offset for a step flow disturbance (AF m ) can be determined from 
the final value theorem to be AF m /(—K c ). 

Next, proportional-integral control is considered. The process model in equa¬ 
tion (18.5) is unchanged, and the controller equation becomes 


F’ w = -K c (l' + ±- 


(18.7) 


Substituting this expression into equation (18.5) and taking the Laplace transform 
yields the transfer function for the closed-loop system. 


with 


x = 


Ljs) 

Finis) 

I AT, 
(~K C ) 


~ Ti ' 

.(-* C )J 


T 2 s 2 + 2x%s + 1 
and 


_ 1 \Ti(-K c ) 
? — 


(18.8) 

(18.9) 


By applying the final value theorem, it can be shown that the system is self¬ 
regulating with zero offset for a step disturbance. The response is now second- 
order and can be either overdamped or underdamped, depending on the value of 
the damping coefficient £. As shown in equation (18.9), the damping coefficient 
depends on controller parameters K c and 7) and the vessel area. 



Important qualitative features of the dynamic response and the steady-state offset 
for the level control system depend on the process design and controller algorithm 
and its tuning. 


567 


Matching Controller 
Tuning to 
Performance 
Objectives 


Before we determine how to match these factors to the control objectives, a mod¬ 
ification to the linear PI controller is considered. 


18.4 a A NONLINEAR PROPORTIONAL-INTEGRAL 
CONTROLLER 


Looking ahead to the application of averaging level control, we anticipate the 
need for an algorithm that makes small flow adjustments for small level deviations 
from set point and large adjusts for large deviations. Thus, a nonlinear algorithm 
seems appropriate. Many nonlinear modifications have been proposed; only one 
of the more common is discussed in this section (Shunta and Feherari, 1976). 
The algorithm is given as follows, and the relationship of the proportional mode 
between the level and manipulated flow is shown in Figure 18.4. 

C = ~Kc [l' + 1 jf' (18.10) 


with 


K c 


K cS 

K cL 


when V 
when V 


<L'b 1 

>L'b I 



Along with the integral time and gain, K cL , the algorithm has two additional 
tuning parameters: the “break” point between the large- and small-controller-gain 
regions, L' B , and the ratio of the large and small gains, . Note that if the ratio 
is 1, the controller in equation (18.10) simplifies to a linear algorithm. If the ratio 
is infinity, the nonlinear controller takes no action for small deviations; that is, 
it has a “dead band” for an error ±L' B . The integral mode ensures that the level 
ultimately reaches its set point, whereas an infinite value for 7/ would result in a 
proportional-only controller with steady-state offset. 


18.5 □ MATCHING CONTROLLER TUNING 
TO PERFORMANCE OBJECTIVES 

The two sets of control objectives in Table 18.1 require different approaches, and 
each is presented separately in this section. The approach for determining the tuning 
constants for this simple process is to specify some key characteristics of the closed- 
loop transient response to a step flow disturbance and then to calculate tuning 
constants that achieve the specified characteristics. As with all tuning calculations, 
the resulting constants should be considered initial estimates, which can be fine- 
tuned based on plant performance. 


Tight Level Control 


Controller 

gain 


cL 








cS 


i 

: E 

-l'b 

l 'b 


U 


(a) 


Controller 

proportional 

term 



FIGURE 18.4 

Graphical display of the nonlinear 
PI control algorithm for level 
control. 


We will begin by considering the case of tight level control, where the performance 
of the level is of greatest importance. As mentioned, the control problem is not 
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difficult, because of the lack of dead time (or inverse response) in the process. 
As a result, a linear controller is adequate. The key variables used to character¬ 
ize the system are the level process design and the maximum step disturbance in 
the uncontrolled flow. The desired transient response can be characterized by the 
maximum allowable level deviation in response to the disturbance and the damp¬ 
ing coefficient £. A good starting value for the damping coefficient is 1.0, but the 
method presented here can be used for any other damping coefficient. The follow¬ 
ing expression gives the dynamic response of a level under PI control to a step flow 
disturbance when the damping coefficient is 1.0. With the step inlet flow, AFj n /s, 
the expression for the level in equation (18.8) can be determined by inverting the 
Laplace transform using entry 6 in Table 4.1. 

L' = ±EL e -n-K c )/2A 08.H) 

A 

The time when the maximum occurs can be determined by differentiating 
equation (18.11) and setting the result equal to zero, which gives a unique value 
of tmax = 2 A/(—K c ) because the system is not underdamped. This time can be 
substituted into equation (18.11) to determine the maximum level deviation for a 
step input. 

A F 

AL max = 0.736—^- (18.12) 

l"”«***v 

The tuning constants K c and 7> can be calculated from equations (18.9) and 
(18.12) using specified values for the control performance: the magnitude of the 
disturbance, AF max , and desired values for|(= 1 . 0 ) and AL max . 

An alternative tuning approach, using specifications for the maximum level 
deviation and maximum rate of change for the manipulated flow, is given by 
Cheung and Luyben (1979). Their approach requires a trial-and-error solution, 
for which they have prepared graphical correlations. 

EXAMPLE 18.2. 

The level in a vessel with a volume of 20 m 3 , a cross-sectional area of 10 m 2 , and a 
normal flow of 2 m 3 /min is to be controlled tightly with a PI controller. The expected 
maximum step change in the uncontrolled flow rate, based on plant experience, is 
0.2 m 3 /min (i.e., 10% of normal). Tight level control requires a small level deviation, 
so that the maximum allowable change in the level is selected to be 0.05 m (i.e., 
±2.5% of the range). Estimate the tuning constants for PI and P-only controllers. 

Solution. The damping coefficient is selected to be 1.0. Using equations (18.9) 
and (18.12), the tuning constants for PI control are 


K c = 


-0.736A Fmax 
ALmax 


-0.736(0.2 m 3 /min) _ m 3 /min 
0.05 m “ “ ‘ m 


T, 


4 ? 2 A 
(-*<•) 


and, for P-only control, 


(4)(1 2 ) 10 m 2 
2 94 mVmin 
m 


13.6 min 


&F max 

ALmax 


0.20 

0.05 


, m 3 /niin 
-4.0—-- 


m 






FIGURE 18.5 


PI level control for Examples 18.2 and 183: (a) tight, ( b ) linear averaging. 
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The dynamic response for the level under tight PI control subject to the step dis¬ 
turbance is given in Figure 18.5a. 




Linear Averaging Level Control 

Averaging level control can be achieved with either a linear or a nonlinear con¬ 
troller. Both are discussed here, with the linear given first. Before presenting tuning 
methods, it is worth noting that averaging level control is improved by providing a 
large inventory (i.e., vessel volume). Thus, the performance of the averaging level 
system depends on the process, algorithm, and tuning—which is naturally true for 
all control systems. 
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The approach for the linear controller tuning is the same as for the tight control, 
except that the value for the allowable deviation would be much larger, to provide 
as much attenuation in the manipulated variable as possible. 


EXAMPLE 18.3. 

Calculate the tuning constants for Example 18.2 for a linear averaging level con¬ 
troller. All physical parameters are the same (A = 10 m 2 , F — 2 m 3 /min), and 
AF max = 0.2 m 3 /min; however, the maximum level change is selected to be 0.8 m, 
which is ±40% of the level range, to allow inlet flow variations to be attenuated. 


Solution. The same equations as in Example 18.2 are used. For PI control, 
-0.736A F max 


K c = 


A L„ 


T,= 


-0.736(0.2 m 3 /min) _ ^mVniin 


4£ 2 A 

(~Kc) 


0.8 m 

(4)(1 2 )10 m 2 


m 


0.184 


m 3 /min 


= 217 min 


m 


and, for P-only control, 


~ AFmjx 

AZ. ma x 


-0.25 


m 3 /min 

m 


A dynamic response for the level under averaging PI control subject to the 
step disturbance is given in Figure 18.5b. The slower response of the flow out is 
obvious, and the maximum rate of change of the manipulated flow is about 1/15 
the value for the tight level control response, which was achieved with the same 
vessel and control algorithm through modified tuning. 



Nonlinear Averaging Level Control 

The nonlinear controller has two additional parameters to specify. With proper val¬ 
ues for these parameters, the nonlinear controller can provide better performance 
(i.e., make smaller manipulations) when the system experiences frequent, small 
flow disturbances. The value of L' B is selected to be smaller than the maximum 
level deviation but to be larger than most level variations experienced in normal 
operation. The value for the gain ratio is selected to provide small corrections for 
the small deviations; a value of 20 is usually a good starting point. To simplify the 
calculations for the initial estimates, the proportional gain is calculated so that the 
proportional term alone can correct for the largest expected flow disturbance. The 
proportional term can be calculated as follows by conforming to Figure 18.4b: 

A F max = -K cS L' b - tf ci ,(AL max - L' b ) = + AL max - L'^j (~K cL ) 

K (18.13) 

Then the integral time is calculated so that the damping coefficient is 1.0 for the 
small-gain region, which ensures that the damping coefficient is greater than one 
in the large-gain region. 

EXAMPLE 18.4. 

Calculate the tuning constants for the averaging level control objective and pro¬ 
cess in Example 18.3 with a nonlinear averaging controller. 
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Solution. The nonlinear controller requires two additional parameters. The guide¬ 
lines suggest that r K = 20, and we select L' B to be relatively large, to provide small 
outlet flow variations for most inlet flow oscillations. Thus, L' B = 0.7 m, which is 
±35% of the level range. For the PI controller, 

A = 10 m 2 F = 2 m 3 / min AF max = 0.2 m 3 / min 


K c l = 


-AF m 


-0.2 m 3 /min 


—- + ALmax — L'l 

l-K 


B 


0.7m 

20 


-1.48 


m 3 /min 


T, = 


Kcs = ^ = -0.074 


4£ 2 A 


+ 0.1 m 
m 3 /min 


m 


m 


(4)(1 2 )10 m 2 
l^K^Jnd ~ 0.074 mVmin 


= 540 min 


Matching Controller 
Timing to 
Performance 
Objectives 


Now that we have tuned the linear and nonlinear controllers, it is worthwhile 
comparing their performance for a periodic input disturbance, because plants often 
experience such variation. The responses to sine disturbances are given in Figure 
18.6a through c for the tunings determined in Examples 18.2 through 18.4, with the 
input flow disturbance a sine with magnitude 0.2 m 3 /min and period of 80 min. The 
results in Figure 18.6a demonstrate the performance of the tight level controller, 
which maintains the level close to its set point but has a large maximum rate of 
change in the output flow, 1.8 x 10~ 2 (m 3 /min)/min. Recall that it is not possible 
to achieve tight level control with small flow manipulations simultaneously. 


A linear PI controller provides excellent performance when tight level control is 
required. The alternative design, using a proportional-only controller with a high 
controller gain, is also acceptable. 


The performance for averaging level control demonstrates that both linear 
and nonlinear approaches provide flow attenuation; in other words, the manipu¬ 
lated flow varies substantially less than the inlet flow. The response for the linear 
averaging PI controller is given in Figure 18.6fc, which demonstrates the smaller 
variability in the manipulated flow [the maximum rate of change is 0.40 x 10 -2 
(m 3 /min)/min], and a larger variability in level. The response for the nonlinear av¬ 
eraging PI controller is given in Figure 18.6c, which demonstrates the even smaller 
variability in the manipulated flow (the maximum rate of change is 0.16 x 10 -2 
(m 3 /min)/min) and a yet larger variability in level. Note that the nonlinear av¬ 
eraging level controller reduced the maximum rate of change of the manipulated 
flow by an order of magnitude when compared with the tight controller for the 
same inventory volume. 


The nonlinear level controller is preferred for averaging control when the flow vari¬ 
ations and vessel volume are such that the level remains within ±L' g for most of the 
time. 
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The level algorithms and tuning in this section have provided the flexibil¬ 
ity to use the existing inventory to the greatest advantage. However, acceptable 
performance for averaging level control requires sufficient inventory; therefore, 
determining the proper inventory is addressed in the next section. 

18.6 □ DETERMINING INVENTORY SIZE 

Naturally, the control performance is influenced by the vessel holdup time, so that 
an important task of the engineer is to determine inventory sizes when designing 
or modifying the plant. Given the flow rate disturbance, the performance spec¬ 
ification, and the controller tuning method, the holdup time can be determined 



Time Time Time 

(«) (b) (c) 

FIGURE 18.6 

Level control for an input sine flow disturbance: (a) tight PI control with tuning from Example 18.2; ( b) linear averaging 
control with tuning from Example 18.3; (c) nonlinear averaging control with tuning from E xam ple 18.4. 






using the results from previous sections. For a step disturbance, the calculations 
would involve the relationships already derived and used in tuning calculations 
to determine the volume required to maintain the level within ±AL max and the 
maximum rate of change of the manipulated variable at or below a specified value. 
It is assumed that the damping coefficient should be 1.0, although the approach 
can be adapted for other values. 

The calculation of the inventory size can be performed in a noniterative manner 
by using the analytical expression of the manipulated flow to a step change in the 
in flow. First, the transfer function relating the flows in and out is derived using 
equation (18.8) and the PI controller transfer function: 


F jut CO 
Fin (0 


Fjs) F out (.S') 
Finis) L(s) 

T, 

-Kc s 

t 2 s 2 + 2£r s + 1 



(18.14) 


T/J + 1 

T 2 S 2 + 21; TS + 1 


Then the step input is substituted (Fj„(.y) = AF- in /s) and the inverse Laplace 
transform is determined from entry 8 in Table 4.1 to give 

F' ut (r) = AF in 1 + - l) e~'' T ] (18.15) 

The derivative of the flow rate can then be taken to give 


d F out 
dt 


= AFin 



r 



r 

-/ + 



(18.16) 


It is clear from this result (noting that 7/ > t for the tuning selected) that the 
maximum rate of change occurs at t = 0. Setting t = 0 and substituting the value 
of r from equation (18.9) gives 


dF, j Ut 

dt 



(18.17) 


The value of the controller gain from equation (18.12) can be substituted to give 


dF 


out 


dt 


0.736(AF in ) 2 

^(AL max ) 


(18.18) 


The product A(AL max ) represents the allowable variability in the inventory 
above (or below) the set point. If the level is allowed to vary ±40%, i4(AL max ) = 
0.40 V. Thus, the final expression for the inventory volume for linear averaging 
level control with conventional tuning is 


1.84(AF max ) 2 


dF 0{ii 


dt 

max 


(18.19) 


EXAMPLE 18.5. 

A flow into a vessel has a base value of 2.0 and a maximum step disturbance of 0.20 
m 3 /min. The flow out should have a rate of change that does not exceed 1.0 x 10~ 3 
(m 3 /min)/min, and the level can vary within ±40% of its middle value. Determine 
the inventory size to satisfy this requirement when the flow out is manipulated by 
a PI controller. 
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Solution. 


Equation (18.19) can be used directly to calculate the volume to be 


1.84(0.20 m 3 /min) 2 
1 x 10 -3 m 3 /min 2 


= 73.6 m 3 


The area and height can be selected to satisfy this volume (e.g., A = 36.8 m 2 
and L = 2 m). The tuning for this controller can then be calculated for ALma = 0.8 
m to be 


AF max _ (0.736) (0.20 m 3 /min) _ _ Q ^ nrVmin 
A L mm 0.8 m m 


T, 


4jA _ 4(1)(36.8 m 2 ) 

-K c 0.184(m 3 /min)/m 


= 800 min 


The result of this example is a level process and tuning that (just) satisfy the 
objective on the outlet flow behavior for the specified input step disturbance. 


18.7 n IMPLEMENTATION ISSUES 

Level control is generally quite straightforward to implement. Many different sen¬ 
sors can be used to determine the inventory in a vessel. The most common is the 
pressure difference measurement, which is shown in Figure 18.1. Assuming a con¬ 
stant liquid density, the difference in pressure is proportional to the level in the 
vessel between the two measuring points, called taps. Note that the lower tap is 
usually placed somewhat above the bottom of the vessel, to prevent plugging from 
a small accumulation of solid contaminants. The level displayed to the operating 
personnel could be expressed in units of length; however, this would require the 
people to remember the maximum level in each individual vessel. Therefore, the 
level is normally displayed as a percentage of the measurement range. 

Many other types of level sensors are possible (e.g., Blickley, 1990; Cho, 1982; 
and Cheremisinoff, 1981). An example is a float that remains at the interface and 
indicates the level by its physical position as transmitted by a connecting rod. 
Levels of materials that do not rest evenly in the vessel, such as granular solids, 
or of very corrosive materials can be measured by sound waves directed at the 
material from above a vessel. For some accurate measurements, the entire vessel 
and contents can be weighed. 

Level control often uses cascade principles by resetting a flow controller, 
as shown in Figure 18.1. Usually, this is not to improve the dynamic response 
to disturbances but to make the operation easier for the operator when the cas¬ 
cade is opened. Level control can be implemented with either linear or nonlinear 
proportional-only or proportional-integral control algorithms. Both are available 
as preprogrammed options in most digital controllers. 


18.8 m VESSELS IN SERIES 

In many chemical plants, units are arranged in series as shown in Figure 18.7. Plants 
do not usually have many simple tanks in series, but units such as reactors, flash 
drums, and distillation towers are generally in series and have liquid inventories. 



FIGURE 18.7 

Design for three levels in series. 
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Vessels in Series 
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FIGURE 18.8 


Two possible control designs for levels in series. 


The behavior of these systems is investigated here by considering the simpler, but 
representative, system of tanks. We will consider two important questions: 

1. How can the throughput and levels be controlled? 

2. How does a series of levels respond dynamically? 

We can answer the first question by analyzing the degrees of freedom in the 
system. For simplicity, proportional-only controllers are considered, but the results 
are equally valid for other controller algorithms. The system in Figure 18.8 can be 
modelled according to the following equations: 

For each level (n = 1 to 3): 
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Time 
(c ) 

FIGURE 18.9 

Response to step of input flow of 
three series level controllers: 

(a) P-only; (b) PI (individual £’s = 
1.0); (c) PI level (individual £’s = 
0.5). 


and one of either of these controller equations for each level: 

f; = -K c L'„ or F'„_ x =-K c L' n (18.21) 

Note that there are six equations and seven variables (three levels and four flows). 
Thus, one flow rate can be set independently. This result should not be surprising, 
since level control requires the inlet and outlet flows to be equal at steady state. 

Another question to answer is which flow should be set to determine the flow 
rate. The degrees-of-freedom analysis cannot provide further insight, because any 
flow is acceptable; thus, this detailed design decision requires more information on 
the control objectives and process equipment. If no constraints are encountered in 
the plant, the inlet or feed rate is often set independently, as shown in Figure 18.8a. 
If the production rate should be held constant, the outlet flow is set independently, 
as shown in Figure 18.86. If an intermediate flow should be constant, as is the 
case if a constraint like pump capacity or heat exchanger duty is encountered in an 
intermediate unit, the intermediate flow can be set independently. An interesting 
control strategy that controls all levels and maximizes the flow rate is given by 
Shinskey (1981). 

Now that the control structure has been determined, the second question about 
dynamic response can be addressed (Cheung and Luyben, 1979). Based on equa¬ 
tion (18.14), the series of three identical level systems shown in Figure 18.8a can 
be combined in the following overall transfer function: 

™ = V ( 18 . 22 ) 

Fo(s) \r 2 s 2 + 2r %s + IJ 

Since the poles of the individual level control systems are the poles of the series 
system, if each individual system is overdamped, the overall system is overdamped. 
However, if the systems are underdamped, the overall system will be underdamped. 
Dynamic responses of the manipulated flows are given in Figure 18.9a through c 
for the system with different damping coefficients in response to a step change in 
the inlet flow Fq. 

The flow adjustments are monotonic for the proportional-only controllers, but 
the adjustments result in overshoot for all proportional-integral controllers, even 
those that are critically (or over) damped. 


It is important to note that for a step response (1) the manipulated flow for PI control 
always overshoots its final value and (2) the magnitude of the oscillations increases 
in series systems when each element in the series is underdamped! 


A relatively small oscillation at the first level can be magnified, leading to very 
poor performance, by other downstream levels in the series. Thus, a series process 
structure of inventories heightens the importance of careful algorithm selection 
and tuning for each level controller. 

18.9 m CONCLUSIONS 

The key features of inventory control are the range of control objectives and the 
need to match the control algorithm with the relevant objective. Feedback control 







provides excellent tight level control performance, because the system has little 
or no dead time. Proportional-only or proportional-integral control with simple 
tuning guidelines is adequate for tight level control. 

Analysis of plant requirements indicates that averaging control is appropriate 
for many level systems. The linear P-only and PI algorithms can achieve averag¬ 
ing control with proper tuning. Improved averaging control can be achieved using 
a nonlinear PI algorithm when most flow disturbances are of the magnitude and 
frequency to allow moderate flow manipulations and have the level remain within 
an acceptable range. This modification is especially advantageous when the sys¬ 
tem experiences high-frequency disturbances. One should never lose sight of the 
fact that the performance of averaging level control improves with a large vessel 
inventory, which must be provided when the process is being designed. 

We can derive analytical expressions for the time-domain behavior of level. 
processes and can determine proper tuning rules to achieve specified behavior 
based on these expressions. The approach used for levels would have been valu¬ 
able for all feedback systems because of its excellent specification of closed-loop 
performance. Unfortunately, the approach would not be successful for more com¬ 
plex processes, for which analytical models for closed-loop response cannot be 
developed. Thus, this excellent approach is limited to a few simple processes. 

Smooth overall operation often requires that all flows in the series system 
have little oscillation. We have seen how levels in series can potentially increase 
oscillations and have derived models for predicting the responses. These results 
demonstrate the importance of ensuring that level systems not have small damping 
coefficients. 

Since controlling flows and inventories is an essential aspect of designing 
controls for multiple units, the material covered in this chapter provides an essential 
foundation for the control design topics in Part VI. 
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Many other linear and nonlinear controllers similar in purpose to the algorithm 
presented in Section 18.4 are in use. For a review of the performance of several, 
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Level control gives the engineer opportunity to match key closed-loop performance 
measures to the analytical solution to the transient response. This approach enables 
the engineer to tailor the performance to a wide range of control objectives. 




QUESTIONS 

18 . 1 . Two tanks in series are placed upstream of a chemical reactor that is sensi¬ 
tive to feed concentration disturbances. Each tank has a holdup of 19 m 3 , 
which is controlled approximately constant, and the design feed rate is 2 
m 3 /min. If the concentration of the inlet to the first tank has a concentration 
variation that can be approximated as 20 sin (1.05r), what is the variation 
in the feed concentration to the reactor? 

18 . 2 . Two tanks are placed in series to attenuate flow rate disturbances. Each has 
a holdup time of x h minutes and is controlled by a linear PI controller. If 
the inlet flow variation is A sin (art), what is the minimum variation in the 
flow rate leaving the second tank? 

18 . 3 . It was stated that the controller algorithm introduced in Section 18.4 is 
nonlinear. Using the definition of linearity (see Section 3.4), prove that the 
algorithm is nonlinear. 

18 . 4 . (a) Demonstrate that a proportional-only controller for a single level with 

a holdup time of 5 min and no instrumentation dynamics can have an 
arbitrarily large controller gain and remain stable. 

(b) If the system in ( a ) has sensor dynamics of a first-order system with a 
time constant of 10 sec and valve dynamics of a first-order system with 
a time constant of 3 sec, what is the ultimate gain of the proportional- 
only controller? What would be a good choice for the controller gain? 

18 . 5 . Averaging level control implements relatively detuned feedback control. 
Since the integral mode is the “slow” mode, it might seem as though it 
should be used for control. To investigate why level controllers are pre¬ 
dominantly proportional controllers, carry out the following development. 
Derive the transfer function for a level process under integral-only feedback 
control. Determine the dynamic response of the level for a step change in 
the uncontrolled flow. Is this good control performance? 

18 . 6 . The derivative mode does not seem to be used in level control. State whether 
you agree with this decision and why. 

18 . 7 . For each of the systems in Figure Q18.7, the flow in (Fj„) can change 
independently of the inventory in the vessel. Each is described briefly: 

(a) A heat exchanger in which the liquid in the vessel boils and the duty 
is proportional to the heat transfer area 

( b ) An open tank containing a liquid with a constant flow out 

(c) A gas-filled system with a moving roof and a constant mass on the 
roof; the gas exits through a partially open restriction 

( d ) A gas-filled system with constant volume; the gas exits through a par¬ 
tially open restriction 

(i) For all systems without feedback control ( K c = 0), assume that 
the material balance was initially at steady state, and derive the 
response to a step change in the inlet flow rate. Is each system 
self-regulatory or not? 
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(ii) Determine the proper variable to measure to determine the inven¬ 
tory in each system, and describe how it should be controlled, i.e., 
what should be manipulated? 

18.8. The closed-loop dynamic responses for the manipulated flow of a level 
process under PI control experience overshoot of their final steady-state 
values in response to a step in flow disturbance. 

(a) Describe why this occurs and determine steps to prevent this overshoot. 

(b) In Chapter 5, criteria were derived for transfer function’s numerator 
zero that would lead to an overshoot of the output in response to an 
input step change. Verify that the criteria are met for £ = 1. 

18.9. The value of the small controller gain in the nonlinear level control was 
recommended to be about 1/20 of the large gain. Describe the performance 
of the nonlinear level control system with K c s = 0 to 

(a) A large step change in the uncontrolled flow 

(b) A sine of small amplitude in the uncontrolled flow 

(c) Based on these results, would you support the general recommenda¬ 
tion of a zero value for the small controller gain? Under what special 
circumstances would this be advisable? 

18.10. In Section 18.7, control of levels in series was discussed. Sketch on Figure 
18.7 the control design when the flow leaving the second vessel is set 
(constant) by flow control. 

18.11. Feedforward control was not considered in this chapter. Discuss whether 
feedforward control would improve (1) tight level control and (2) averaging 
level control. 

18.12. The system of vessels in series (e.g., Figure 18.7a) experiences periodic 
changes to the operating conditions of upstream units, during which the 



feed composition from upstream units changes substantially. The amount 
of mixed material produced during these infrequent and planned changes 
is to be minimized. What steps would you suggest to minimize the mixing 
without changing the equipment given in the figure? 

18.13. The system of units with a recycle solvent stream is shown in Figure Q18.13. 
Solvent is added to the main process stream before the stirred-tank reactor 
and is separated in the flash drum. The solvent is collected, purified in the 
fixed-bed chemical reactor, and stored. The solvent is heated prior to being 
mixed with the feed. The feed flow rate is determined elsewhere and can 
be considered uncontrollable for this question. Also, the maximum purge 
and makeup flows are 1/10 of the normal solvent flow rate, and the material 
sent to purge cannot be recycled to the process. 

(a) Design a control system that (1) ensures solvent addition at the desired 
ratio in the feed flow and (2) maintains all inventories in acceptable 
ranges. You may add sensors but make no other changes to the process 
equipment. 

( b ) Discuss the data and computations required to determine the size of 
the tanks, especially the middle solvent storage tank. 



FIGURE Q18.13 
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(c) Discuss how to determine the proper flow rates for the purge and 

makeup flows. Could they both properly be nonzero concurrently? 

18.14. Level controller tuning was not based on the methods and guidelines de¬ 
veloped in Chapters 9 and 10. Why? 

18.15. Verify the derivation of equations (18.8), (18.9), and (18.11) for the closed- 
loop response to a step disturbance for a level under PI control. 

18.16. For both averaging and tight level control, sketch three examples of pro¬ 
cesses that should have this type of control and explain why. 

18.17. Proposed steps for digital implementation of the nonlinear proportional- 
integral controller are given below. Discuss whether this implementation 
satisfies the algorithm described in the chapter, and if not, prescribe mod¬ 
ifications. 

(1) Read measurement L„ and operator entry L S p„. 

(2) Retrieve parameters K c s, K c i, L' b , and 7). 

(3) Retrieve stored value; S*. 

(4) Set K c = K cL . 

(5) If |L S p - L„ | < L' b , then set K c = K cS . 

(6) SetMV„ = K c {(L SPn - U ) + \/T,[S* + Ar(L SPfl - L n )]}. 

(7) Store L„ and £" =0 (AO(L S p/ “ L n ) = $*■ 

(8) Wait At, then go to step 1. 

18.18. Develop a method for determining the size of an inventory for averaging 
control based on the response of the system to a sine flow rate disturbance 
using frequency response principles. 



Single-Variable 

Model 

Predictive 

Control 



19.1 ■ INTRODUCTION 

Most modifications to single-loop feedback control presented in this part of the 
book have used additional measurements to improve control performance. In con¬ 
trast, the emphasis in this chapter will be on an alternative to the proportional- 
integral-derivative (PID) feedback algorithm. The PID controller was introduced 
in Chapter 8 by explaining the features associated with each mode and by demon¬ 
strating that the combined modes could provide reasonable control performance. 
In subsequent chapters the applications of PID in feedback, cascade, and combined 
feedforward/feedback have indicated that the adoption of PID as the standard algo¬ 
rithm in the 1940s was an appropriate choice. Perhaps the most remarkable feature 
of the PID is the success of this single algorithm in so many different applications. 

However, the development of the PID lacked a fundamental structure from 
which the algorithm could be derived, limitations could be identified, and enhance¬ 
ments could be developed. In this chapter a general development is presented that 
gives great insight into the roles of both the control algorithm and the process in 
the behavior of feedback systems. This development also provides a method for 
tailoring the feedback control algorithm to each specific application. Because a 
model of the process is an integral part of the control algorithm, the controller 
equation structure depends on the process model, in contrast to the PID controller, 
which has only one equation structure. 

Although the control algorithm is different, the feedback concept is unchanged, 
and the selection criteria for manipulated and controlled variables are the same as 
explained in Chapters 1 and 7. In fact, the algorithms presented in this chapter 



584 


CHAPTER 19 
Single-Variable Model 
Predictive Control 


could be used as replacements for the PID controller in nearly all applications so 
far discussed. Generally, the PID controller is considered the standard algorithm; an 
alternative algorithm is selected only when the alternative provides better control 
performance. 

The derivation of control algorithms is based on the predictive control structure 
introduced in the next section. Many methods are possible for deriving practical 
control algorithms to be implemented within the predictive structure, and two of 
these—internal model controller (IMC) and Smith predictor—are explained in 
detail, along with guidance on implementation issues. Finally, some applications 
are presented in which predictive controllers offer potential improvements over 
PID. In addition to introducing some very useful single-loop control methods, 
this chapter offers an opportunity for another perspective on the fundamentals of 
feedback control and an introduction to the predictive control structure shown to 
be well suited to multivariable control in Chapter 23. 


19.2 i THE MODEL PREDICTIVE CONTROL STRUCTURE 

The predictive control structure is based on a very natural manner of interpret¬ 
ing feedback control. Before the general predictive structure is developed, it is 
worthwhile to consider the typical thought process used by a human operator im¬ 
plementing feedback control manually. Assume that the three-tank mixing process 
in Figure 19.1a is initially at steady state, and the goal is to reduce the outlet con¬ 
centration by adjusting the flow of component A. First, the operator estimates the 
amount of change in the valve position (controller output) required to achieve the 
desired steady-state change in the controlled variable. This estimate requires an 
estimate of the steady-state model of the process (i.e., K p ). The operator can then 
estimate the proper adjustment in the valve position to be Av = (A*a)i /K p . 

Next, the operator would decide whether to implement this entire adjustment 
in one step or to introduce the change in several smaller steps. If the decision 
were to introduce the entire adjustment in one step, the dynamic response might 
look like the initial transient in Figure 19.16. The person waits until steady state 
is achieved to observe the response and determine whether the estimate was cor¬ 
rect. In this example, the concentration change was too large in magnitude, as is 
shown by a difference between the actual and predicted changes in the concen¬ 
tration. As a result of this error, the operator would have to make another change 
in the valve position. A clever operator might conclude that the assumed gain is 
incorrect and modify the estimate of K p \ however, the operator in this example 
applies a more straightforward approach, in which the next correction is based 
on the same value of the process gain; that is, Av = (Ax a )z/K p , where (Ajc a ) 2 
is the difference between the predicted and actual Ax a . Several iterations of the 
procedure result in the transient response achieving steady state, as given in Fig¬ 
ure 19.1. 

The approach used by the operator has three important characteristics: 

1. It uses a model of the process to determine the proper adjustment to the 
manipulated variable, because the future behavior of the controlled variable 
can be predicted from the values of the manipulated variable. 
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FIGURE 19.1 

Example of manual control. 
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2. The important feedback information is the difference between the predicted 
model response and the actual process response. If this difference were zero, 
the control would be perfect, and no further correction would be needed. 

3. This feedback approach can result in the controlled variable approaching its 
set point after several iterations, even with modest model errors. 

These characteristics provide the basis for the predictive control structure. 

A continuous version of the approach just described can be automated with the 
general predictive control structure given in Figure 19.2. Three transfer functions 
represent the true process with the final element and sensor, G p (s ); the controller, 
G cp (^); and a dynamic model of the process, G m (s). To avoid confusion, the term 
predictive control algorithm will be used to denote the calculation represented by 
G cp (s), which is used for the controller in the block diagram in Figure 19.2. The 
term predictive control system will be used to denote all calculations in the control 
system, which includes the predictive control algorithm, the predictive model, and 
two differences. All calculations in the predictive control system must be executed 
every time a value of the final element is determined. 

The feedback signal E m is the difference between the measured and predicted 
controlled variable values. The variable E m is equal to the effect of the disturbance, 
Gd(s)D(s), if the model is perfect [if G„, (s) = G p (s)]; thus, the structure high¬ 
lights the disturbance for feedback correction. However, the model is essentially 
never exact, so that the feedback signal includes the effect of the disturbance and 
the model error, or mismatch. The feedback signal can be considered as a model 
correction; it is used to correct the set point so as to provide a better target value. 
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E m (s) 


FIGURE 19.2 

Predictive control structure. 


T p (s), to the predictive control algorithm. The controller calculates the value of 
the manipulated variable based on the corrected target. 

The following closed-loop transfer functions for responses to set point and 
disturbances can be derived through standard block diagram algebra. 


G cp (s)G v (s)G' p (s) 

~ 1 + G cp ( 5 )[G u (s)G' p (s)G s (s) - G m (s)] 

^_ Gcp(s)G p (s) _ 

~ l + G cp ( J )[G p (5)-G m (^)] 

__ [1 ~ G cp (^)G,„(^)]G t /(5) _ 

” 1 + GcpWIG.^JG'( s)G,(5) - Gjjj] 

P (19.2) 

^ [l-G cp (s)G m (*)]G,/(s) 

~ l + G e? (s)[G p (s)-G m (s)] 

In all further transfer functions in this chapter, the dynamics of the sensor are 
considered negligible, and the overall model of the final element and process is 
taken to be G p (s). A linear dynamic process model, G m (s), can be determined 
using fundamental (Chapters 3 through 5) or empirical (Chapter 6) modelling 
methods. The controller algorithm, G cp (s), for the predictive structure is as yet 
unknown and will be determined to give good dynamic performance. 

A few properties of the predictive structure are now determined that establish 
important general features of its performance and give guidance for designing the 
controller, G cp (s). Normally, a very important control performance objective is 
to ensure that the controlled variable returns to its set point in steady state. This 
objective can be evaluated from the closed-loop transfer functions by applying 
the final value theorem and determining whether the final value of the controlled 
variable, expressed as a deviation variable from the initial set point, reaches the 
set point. The application of the final value theorem for this purpose is performed 
for the following conditions: 


CVQ s) 
SP ( 5 ) 


CV(£) 

D(s) 


1. The input is steplike, in that it reaches a steady state after a transient, SP(s) = 
ASP /s and D(s ) = A D/s. 
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2. The process without control reaches a steady state after a steplike input, 
G p { 0) = K p and G m ( 0) = K m . 

3. The closed-loop system is stable, which can be achieved via tuning. 


Note that the use of the steady-state gain of the process, G p ( 0), limits the results to 
stable processes without control. 


In fact, the results in this chapter are limited to these stable processes. Under 
these conditions, application of the final value theorem yields 


lim CV(t) = limsCV(.y) = 

/—*00 5-»0 S 


G CP (0)G P (0) 

l + G cp (0)[G p (0)-G m (0)] 


= ASP if and only if G cp (0) = G~ l (0) 


(19.3) 


lim CV(t) = lim sCV(s) = s 

/-> oo .v-*0 


AD [1 -G ep (0)G m (0)]G t/ (0) 

5 1 + G cp (0)[G p (0) — G„,(0)] 


= 0 if and only if G cp (0) = G" 1 (0) 


(19.4) 


Therefore, the predictive control system will satisfy both of the foregoing equa¬ 
tions, thus providing zero steady-state offset for a steplike input, if 


Gcp(O) = G~ 1 (0) or K cp = \/K m (19.5) 


Equation (19.5) requires that the steady-state gain of the controller algorithm must 
be the inverse of the steady-state gain of the dynamic model used in the predictive 
system. This important requirement can be easily achieved, because the engineer 
has perfect knowledge of the model, although certainly not of the process G p (s) 
itself. 


A stable predictive system does not require a perfect model; it must only satisfy 
equation (19.5) to return the controlled variable to the set point at steady state. 


To gain further insight into the predictive structure, the next control perfor¬ 
mance objective considered is perfect control. Here, the term perfect control is 
taken to mean that the controlled variable never deviates from the set point. As we 
have seen, this performance is not possible with feedback control and might not 
generally be desired because of other control performance considerations. How¬ 
ever, it is considered here to provide insight into the predictive system and to give 
further guidance on control algorithm design. The closed-loop transfer functions 
in equations (19.1) with CV(s)/D(s ) = 0 and (19.2) with CV(s)/SP(s) = 1 pro¬ 
vide the basis for the following condition, required for the controlled variable to 
be equal to the set point at all times during the transient response: 

G C p(.r) = G“ l (s) (19.6) 

Thus, perfect control performance would be achieved if the controller could be set 
equal to the inverse of the dynamic model in the predictive system. This might seem 
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to be a simple requirement, since any model, even a constant, could be used for the 
model, and the controller would be easily evaluated as the inverse. However, block 
diagram algebra can be applied to derive the following condition for the behavior 
of the manipulated variable under perfect control: 

MV(j) _ -Grf(j)Ocpfr) 

D(s) 1 "b G C p(s)[Gp(s) G m (,s)] (19 7) 

_ —Gd(s)Gcp(s) _ GAs) 

~ 1 + G cp (s)G p ( S ) - 1 ” G p (s) 

This shows that the perfect control system must invert the true process in some 
manner. The following are four reasons why an exact inverse of the process is not 
possible: 


1. Dead time. In most physical processes, the feedback transfer function includes 
dead time in the numerator. The application of equations (19.6) and (19.7) to 
a typical process model with dead time gives, when the model is factored into 
two terms with g m (s ) all polynomial terms in s, 

G m (s) = g m (s)e~ es G cp (s) = [G m (s)r l = [g m (s)]~'e 6s (19.8) 


The perfect controller in this situation would have to include the ability to 
use future information in determining the current manipulated-variable value, 
as indicated by the predictive element e 0s . As discussed in Section 4.3, such 
noncausal models are not physically realizable—such behavior cannot occur 
(except in science fiction). 

2. Numerator dynamics. As demonstrated in Section 5.4 on parallel process 
structures, some process models have dynamic elements in the numerators of 
the feedback transfer functions. Application of equation (19.6) to an example 
gives 


G m {s) = K 


T 2 S + 1 
(ris + 1) 2 


Gcp(s) = [G m (s)r‘ 


1 (Tis + l) 2 _ MV(f) 
K T 2 S + 1 Tp(s) 
(19.9) 


For all values of r 2 the controlled-variable behavior would be stable, because 
the product G cp (i)G m (^) = 1. However, the controller algorithm alone would 
be stable only for r 2 > 0 and would be unstable for r 2 < 0. (This is termed a 
right-half-plane zero in G m (s), leading to a right-half-plane (unstable) pole in 
G cp (s).) An unstable controller would be expected to cause the manipulated 
variable to behave in an unstable manner, as is demonstrated in Example 
19.2. Thus, the controller in equation (19.9) would not be able to achieve the 
“perfect” performance when r 2 < 0. 

3. Constraints. The manipulated variable must observe constraints. These could 
be physical constraints, such as a valve, which is limited to 0 to 100% open, 
or more limiting constraints, such as the fuel to a furnace, which must be 
above a minimum limit greater than zero to maintain a stable flame. There is 
no guarantee that the controller defined in equation (19.6), which was derived 
using linear equations that did not consider constraints, would observe the 
constraints. Thus, in some cases, values of the manipulated variable that are 
required to achieve perfect control performance would not be possible. In 
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such cases, the resulting control performance would not be perfect, and the 
controlled variable would deviate from its set point. 

4. Model mismatch. The model used in the predictive system will almost certainly The Model Predictive 

be different from the true process. If this difference is large, the closed-loop Control Structure 

system could be unstable, a situation that precludes acceptable control perfor¬ 
mance. (Recall that the final value theorem assumes stability of the system.) 


Thus, the predictive control system clearly shows that dead times, certain numerator 
process dynamics (right-half-plane zeros), constraints, and model mismatches all 
prevent perfect feedback control performance. 


These results are not new; they were discussed in Part HI and summarized in 
Table 13.3. However, this development reinforces the importance of the process 
in determining the achievable feedback control performance. It also provides a 
unified approach to developing these conclusions. 


EXAMPLE 19.1. 

Feedback control was introduced using the classical (PID) structure. Determine 
the relationship between the controllers in the classical structure G c (s) and the 
predictive system G cp (s). 


Solution. Block diagram algebra can be applied to reduce the predictive con¬ 
troller and model into one transfer function, which gives 


MV(s) GcpCO 

SP(s)-CV(s) e{s) l-G m (s)Gcp(s) 


(19.10) 


Therefore, there is an equivalence between the classical and predictive structures, 
and a control system can be represented by either block diagram, as long as the 
proper controller transfer function is used. It is important to note that the conversion 
of a predictive system into a classical system does not necessarily result in a PID 
controller in the classical system; thus, the behavior of the two closed-loop systems 
could, and in general would, differ. In this chapter, the predictive controllers will 
be represented by the block diagram in Figure 19.2 to show the use of an explicit 
model in the control system clearly; also, there are advantages in performing the 
calculations in this manner, as will become clear in later sections. 




wa 


EXAMPLE 19.2. 

When the predictive model is perfect [i.e., G m (s) = G p (s)], what else is required 
for the closed-loop system to be stable? 


Solution. We would like both the controlled and manipulated variables to be 
stable (referred to as internal stability by Morari and Zafiriou, 1989), which requires 
that the following transfer functions be stable: 

§^=G cp (*)G p (s) (19.11) 


CV(j) 

D(s) 


= GAs) 


(19.12) 
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(19.13) 
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MV($) 

SP(5) 


— Gq,(i) 


Thus, the product of the controller and the process, the disturbance, and the 
controller itself must be stable for the entire control system to behave in a stable 
manner. Clearly, the manipulated variable would be stable only if the controller is 
stable. [Recall that the controller could be unstable, while the product Gcp(s)G p (s) 
is stable.] Also, the final value theorem in equations (19.3) and (19.4) involves 
the terms G p ( 0) and Gcp(0), the transfer functions evaluated at j = 0, which were 
taken to be constant values. This result is valid only when the transfer functions 
are stable; if they are unstable, the final value theorem is not applicable. 


So far, the predictive concept has been introduced, the block diagram structure 
presented, and the closed-loop transfer function derived. The starting points for 
the predictive control algorithm design are the requirement for zero steady-state 
offset in equation (19.5) and the definition of the perfect controller in equation 
(19.6). Since the perfect controller is not possible even if it were desirable, a 
manner for deriving an approximate inverse of the model is required, with an 
approximate inverse being a G cp (s) that does not exactly satisfy equation (19.6) but 
contains the important features for control performance. Many methods exist for 
developing an approximate inverse, and each would result in a different controller 
algorithm giving different control performance. In the next sections, two methods 
for designing single-loop predictive control algorithms are presented. They have 
been selected because they involve straightforward mathematics, are simple to 
implement in a digital computer, yield good control performance in many cases, 
and have been applied industrially. 

19.3 a THE IMC CONTROLLER 

The system in Figure 19.2 has been described by several investigators, who have 
used different terminology for what is now generally referred to as the predictive 
structure. The publications by Brosilow (1979) and Garcia and Morari (1982), 
in which they introduced the terms inferential control and internal model control, 
respectively, sparked considerable interest in the chemical engineering community. 
The controller design approach presented in this section follows the developments 
of these publications, which is generally referred to as the IMC method. 

Since an exact inverse is not possible, the IMC approach segregates and elimi¬ 
nates the aspects of the model transfer function that make calculation of a realizable 
inverse impossible. The first step is to separate the model into the product of the 
two factors 

G m (s) = G+(s)G-(s) (19.14) 

where G+(s) = the noninvertible part has an inverse that is not causal or is 
unstable. The inverse of this term includes predictions ( e ds ) 
and unstable poles (1/(1 + vs), with r < 0) appearing in 
G cp (s). The steady-state gain of this term must be 1.0. 

G~(s) = the invertible part has an inverse that is causal and stable, 
leading to a realizable, stable controller. The steady-state gain 
of this term is the gain of the process model K m . 
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The IMC controller eliminates all elements in the process model G m (s) that lead to 
an unrealizable controller by taking the inverse of only the invertible factor to give 

<?cp(*) = [G;(s)]"‘ (19.15) 


The IMC Controller 


This design equation ensures that the controller is realizable and that the system is 
internally stable (at least with a perfect model), but it does not explicitly guarantee 
that the behavior of the control system is acceptable. However, the performance of 
such controllers, as modified shortly, will be seen to be acceptable in many cases. 
Before we proceed, this procedure is applied to two examples. 


EXAMPLE 19.3. 

Apply the IMC procedure to design a controller for the three-tank mixing process. 


Solution. The IMC controller design requires a transfer function model of the 
process. The linearized third-order model derived in Example 7.2 will be used. In 
this case, 


G m (s) — 


K,„ 

(r s + l) 3 


0.039 
(5s + l) 3 


= 


G» = 1.0 


Thus, the model can be inverted directly to give 


Gcp(i) = [G-(s)]-' = 


(r„,j + l ) 3 

K m 


(5s + l) 3 
0.039 


This controller in the predictive structure in Figure 9.2 could theoretically provide 
good control of the controlled variable. However, there are several drawbacks with 
this design. First, the controller involves first, second, and third derivatives of the 
feedback signal. These derivatives cannot be calculated exactly, although they 
can be estimated numerically. Second, the appearance of high-order derivatives 
of a noisy signal could lead to unacceptably high variation and large overshoot 
in the manipulated variable. Finally, these high derivatives could lead to extreme 
sensitivity to model errors. Therefore, this controller would not be used without 
modification. 





EXAMPLE 19.4. 

Design an IMC controller for the process in Example 19.3, using the alternative 
first-order-with-dead-time approximate model for the process that was determined 
using the process reaction curve in Example 6.4 and as repeated here. 

_ K m e~ e,nS 0.039<? -5 - 5s 

G w (.y) — —r — me i i 

t m s 4-1 10.5,y + 1 

This model must be factored into invertible and noninvertible parts: 


G~(s) 


K m 

T m s +1 


0.039 
10.55 + 1 


Gifs) = e~ 9mS = e~™ s 


The invertible part is then employed in deriving the controller: 

Gcp(s) = [G-(s)r l 

x m s + 1 10.5s 4-1 

= ~K^ 



0.039 
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This controller is a proportional-derivative algorithm, which still might be too ag¬ 
gressive but will be modified to give acceptable performance in Example 19.6. 
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As discussed in Section 4.3, all realistic processes are modelled by transfer 
functions having a denominator order greater than the numerator order. Thus, the 
controller according to equation (19.15), which is the inverse of the process model, 
will have a numerator order greater than the denominator order. This results in first- 
or higher-order derivatives in the controller, which generally lead to unacceptable 
manipulated-variable behavior and, thus, poor performance and poor robustness 
when model errors occur. 

Achieving good control performance requires modifications that modulate 
the manipulated-variable behavior and increase the robustness of the system. The 
IMC design method provides one feature to account for both of these concerns: 
filtering the feedback signal. The filter can be placed before the controller, as 
shown in Figure 19.3, so that the closed-loop transfer functions for the controlled 
and manipulated variables become 


CVfr) _ G/(s)G C p(s)GpCy) 

SP(s) 1 + G f (s)G cp (s)[G p (s) - G m (s)] 

MV(j) __ G f (s)G v (s) _ 

SP (s) 1 +G f (s)G cp (s)[G p (s) - G m (s )] 

CV(s) = Grf(j)[l-G/(j)Gq,(j)G w (j)] 
D(s) 1 + G f (s)G cp (s)[G p (s) - G m (s )] 

MVfr) _ -GrffrjGcp^G/fr) 

D(s) l+G f (s)G cp (s)[G p (s)-G m (s)] 


(19.16) 

(19.17) 

(19.18) 

(19.19) 


Now, four desirable properties of the filter are determined as a basis for se¬ 
lecting the filter algorithm. First, the steady-state value of the filter needs to be 



£,»(*) 


FIGURE 19.3 

Predictive structure with single filter. 





determined. Application of the final value theorem to the closed-loop transfer 
function in equation (19.16) with the requirement of zero steady-state offset yields 


lim CV(r) = lim s 

t —> oo 

= ASP 


ASP 


G/(0)G cp (0)G p (0) 


1 + G/(0)G cp (0)[G p (0) — G m (0)] 
only ifG cp (0) = [G / (0)G m (0)]-' 


(19.20) 


By convention, the controller gain is required to be the inverse of the process 
model; therefore, the steady-state gain of the filter must be unity; that is, G/(0) = 
K f = 1.0. 

Second, a desired effect of the filter on the manipulated-variable behavior must 
be decided. Generally, the filter should reduce unnecessary high-frequency fluc¬ 
tuations due to noise. Since G j(s) appears in the numerator of equations (19.17) 
and (19.19), the magnitude of the filter magnitude should decrease with increasing 
frequency. The filter with the proper amplitude ratio attenuates the effects of high- 
frequency variation in the controlled variable (and set point) on the variation in the 
manipulated variable while it transmits the lower-frequency variation essentially 
unchanged. The term introduced in Chapter 12 for this behavior was low-pass 
filter. 

Third, the filter influences the controlled-variable performance. Its appear¬ 
ance in the numerators of equations (19.16) and (19.18) indicates that filters with 
monotonically decreasing amplitude with increasing frequency degrade the per¬ 
formance of the controlled variable: filters lead to larger deviations from set point 
during transients. Thus, too much damping through the filter is not desirable. 

Fourth, the effect of the filter on stability can be interpreted by analyzing the 
closed-loop transfer function, which has Gol(s) = G f(s)G cp (s)[G p (s) — G m (s)] 
for the predictive system. Clearly, the system is always stable if the model is perfect 
(and the controller is stable). However, the model is essentially never perfect, and 
the filter is required to ensure stability for a reasonable range of model error. 
Recalling that stability is improved as the magnitude of Go^{j(o c ) is decreased, a 
filter that has decreasing magnitude as frequency increases will reduce the effects 
of model mismatch on |GolO&>c)I and stabilize the closed-loop system. 

In summary, filters with a steady-state gain of 1.0 and decreasing magnitudes 
as frequencies increase satisfy the general requirements of increased robustness and 
noise attenuation. Many potential filter transfer functions satisfy the requirements 
just developed. 
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In the single-loop IMC design, it is conventional to use the following filter equation 
to improve robustness and manipulated-variable behavior. 

c ' <s)= tarrr (IM,) 


In this equation, the exponent N is selected to be large enough that the product 
G f(s)G cp (s) has a denominator polynomial in s of order at least as high as its 
numerator polynomial. For further examples in this chapter, the model G m (s) will 
be first-order with dead time and the filter will be a first-order system (N = 1), 
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but this is not always the case for other process models. The filter time constant 
can be adjusted to satisfy the performance specifications. Increasing the filter time 
constant modulates the manipulated-variable fluctuations and increases robustness 
at the expense of larger deviations of the controlled variable from its set point during 
the transient response. 

EXAMPLE 19.5. 

The filter location in Figure 19.3 influences the behavior of the control system for 
both disturbance and set point responses. Develop an alternative structure to 
separate these effects, so that the disturbance and set point responses can be 
influenced independently. 

To achieve robustness, one filter must be located within the feedback loop. A 
design is shown in Figure 19.4, which has one filter, G fF {s ), in the feedback path 
and a second filter, G fS (s), for set point. The advantage of this design is the ability 
to modify the set point and disturbance responses independently. This design is 
sometimes referred to as a two-degree-of-freedom controller. 


The predictive control system is difficult to implement in analog computing 
equipment because of the dead time in the model G m (s), but it is straightfor¬ 
ward with digital computers, regardless of the model structure. The simple models 
considered in this chapter can be expressed in discrete form by methods already 
introduced in Chapters 6 and 15 and in Appendix F. The IMC system in Figure 
19.3 with a single filter will be considered, and the dynamic model will be assumed 
to be first-order with dead time. Thus, the predictive control system equations in 
continuous form are 


CV w (s) „ , , _ K m e 
M V(s) m(S) r m s + 1 


(19.22) 

(19.23) 



FIGURE 19.4 

Two-degree-of-freedom predictive controller. 






MV(s) 

T p (s) 


= G/(s)G cp (s) = 


1 Xin S "|~ 1 
Km TfS 1 


(19.24) 


with CV m (s) the predicted value of the controlled variable, that is, the output 
from the model G m (s). The dynamic model can be simulated in discrete form, as 
explained in Appendix F. 


(CV m )„ = [e- A '/ T "](CV m )„_, + K m [ 1 - e -A, / T »']MV n _r-i (19.25) 


with At the digital controller execution period and the dead time modelled as 
T = 9 m /At, an integer value. 

Note that the product of G f(s)G cp (s ) can be implemented as one algorithm 
in this case: a lead-lag transfer function, which was expressed in discrete form in 
Section 15.5. 


' IL " 



~ ~ + 1" 
At 



" r m " 

At 

MV„_, 

1 

_j_ 

(T p ) n 

1 

At 

£ + i 
LA/ J 

K m 

> 1 ^ 

+ 

i_ 

~K^n 

+ 

1 _ 


(19.26) 


with T p the target —that is, the set point as corrected by the feedback signal; the 
difference between the measured and predicted values of the controlled variable. 

In summary, the predictive control system execution at step n involves the 
following: 
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1. Calculate the predicted controlled variable, equation (19.25). 

2. Calculate the difference between the measured and model-predicted controlled 
variables, (E m )„ = CV„ - (CV„,)„. 

3. Correct the set point with the feedback signal, (T p )„ = SP„ — (£,„)„. 

4. Calculate the manipulated-variable value, equation (19.26). 


EXAMPLE 19.6. 


Simulate the dynamic response of the linearized three-tank mixing process in Ex¬ 
ample 19.4, operating at the base-case inlet flow rate, under IMC feedback control. 

The true process G p (s) is taken as the linear, third-order system, and the 
controller and dynamic model G m (s) will be based on the approximate first-order- 
with-dead-time model. This structural mismatch, which is typical of realistic appli¬ 
cations, precludes perfect control; thus, the results of this exercise give a realistic 
evaluation of the performance of IMC controllers. 

The controller with filter and model transfer functions are 


G P (s) 


0.039 
(5s +1) 3 


G„(j) 


0.039e -5,5i 
10.5j + 1 


G/(s)G cp(j) = 


1 10.5s + 1 

0.039 TfS -|- 1 


The controller calculations can be converted to discrete form with At = 0.10 to 
give 


MV„ = 


1L 

0.1 


£+■ 


MV„_, + 


1 


0.039 


)„_, +0.039[1 - e- 01/10 - 5 ]MV n _55-. 

, +0.000388 MV„_ 56 


r 10.5 ,1 


r io.5 i 

\ oT + 

(T \ ^ 

oT 

+ 

( p)n 0.039 

- ■ 1 

+ 

-Id 

-AM 



(Tp)n-l 
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In this example, the closed-loop simulation is performed using the foregoing 
equations for the controller (based on an approximate model) and the linearized 
third-order model for the plant; thus, significant model mismatch exists between 
the process and the model. The results are given in Figure 19.5a for a feed com¬ 
position disturbance of magnitude of 0.80%A and in Figure 19.5b for a set point 
change, each for three values of the filter time constant. As the filter time constant 
increases, the aggressiveness of the controller decreases, as indicated by the 
slower response of the manipulated variable and slower return to the set point. 
It is noteworthy that the disturbance response appears acceptable, albeit slow, 
for all values of the filter tuning, while the set point response experiences extreme 
manipulated-variable variability for the lowest filter value. This comparison demon¬ 
strates the disadvantage for a single filter and the potential for improvement by 
using separate filters, as shown in Figure 19.4, to influence the disturbance and 
set point responses separately. 



Based on the results in Example 19.6 and our previous experience with the PID 
controller, we would expect that the performance of predictive control depends on a 
proper choice of all parameters in the system. In general, all parameters appearing 
in the IMC model and the control algorithm could be tuned, but it is common 
practice to use the best estimates for the dynamic model. Thus, only the filter time 
constant, r/, is considered available for tuning. 

The considerations for controller tuning were thoroughly discussed in Chapter 
9. Clearly, no one value or correlation will suit all situations, but a few studies 
have been performed to provide initial tuning values, which are applicable to 
many situations and can be fine-tuned based on empirical experience. One tuning 
guideline, due to Brosilow (1979), suggests that the filter time constant be related 
to the likely model error, r/ = 0.25(50), with SO the maximum likely error in 
the estimated dead time; Morari and Zafiriou (1989) recommend that a thorough 
robust tuning analysis be performed. 

The method for tuning discussed in Chapter 9 and summarized in Appendix 
E for PID controllers, which minimized the IAE of the noisy controlled variable 
subject to limitations on variations in the manipulated variable over a range of 
model mismatch, has been applied to the IMC design as well (Ciancone et al., 
1993). The results for a first-order-with-dead-time process model are given in 
Figure 19.6 for good performance for a step disturbance. The filter tuning constant 
has a large value for small fraction dead times, although one might initially expect 
the opposite correlation because systems that are easier to control require more 
filtering. The reason for these results is the need to moderate the high-frequency 
variation in the manipulated variable. Thus, the ratio of process time constant to 
filter time constant in the lead-lag element in the controller should not be too 
large; these results indicate that a reasonable ratio is around 2. A smaller filter 
time constant would be allowable for stability and give good controlled-variable 
performance, but the variability in the manipulated variable would be unacceptably 
large for many applications. 

EXAMPLE 19.7. 

Calculate the filter tuning constant for the IMC controller applied to the three-tank 
mixing process. 




Valve opening, % Concentration Valve opening, % Concentration 


3.5 
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(b) 


FIGURE 19.5 


(a) Disturbance responses and (ft) set point responses for Example 19.6. The 
values of the filter time constant Ty are 10 min (case A), 6.1 min (case B), and 

2.0 min (case C). 
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Timing correlation for single-loop IMC disturbance response 
on a first-order-with-dead-time process. 


Applying the correlations noted for Brosilow’s approach, and assuming that 
the likely dead time error is 35%, gives 

T f = (0.35)(5.5)(.25) = 0.48 min 
The Ciancone correlation in Figure 19.6 gives 

6/(6 + r) = 5.5/(5.5 + 10.5) = 0.34 
t//( 0 + r) = 0.38 

tf = (0.38)(16) = 6.1 min 

The dynamic response using tuning values based on Figure 19.6 is case B in 
Figure 19.5a and b. The controlled-variable IAE for the IMC disturbance response 
is 9.1, which is slightly larger than the value obtained under PID control for the 
same disturbance in Example 9.2. 


B 


X M 



EXAMPLE 19.8. 

Evaluate the robustness for the IMC controllers implemented in Example 19.7. 

Assuming that the system closely approximates a continuous system, the 
analysis could be performed using methods introduced in Chapter 10. However, 
root locus is not applicable, because the characteristic equation involves expo¬ 
nentials in s. Also, the Bode method is not generally applicable because the Bode 
plots for predictive systems do not always conform to the requirements noted in 
Table 10.1 (i.e., monotonically decreasing amplitude and phase behavior after the 
critical frequency). The stability could be determined using the Nyquist method 
applied to GolCj) = G/($)Gcp($)[(Gp(.y) _ G m (s)]; however, this method has not 
been stressed in this book. 

Therefore, the robustness of this example will be evaluated by simulating 
cases with a fixed value of the filter time constant and different operating condi¬ 
tions. The range of process operations for the three-tank process is the same as 





considered in Section 16.2, where the flow rate has its base-case value in case E; 
is decreased by about 30% in case C; and is decreased by about 55% in case A. 
The parameters for the process model of the true process are given below. 
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Case 

F b 

K„ 

(%A/% open) 

T,(min) 

(i = 1,3 for third-order system) 

A 

3.0 

0.087 

11.4 

C 

5.0 

0.052 

6.9 

E (basis for tuning) 


0.039 

5.0 


In this example, the controller parameters are fixed at values appropriate for the 
base-case approximate first-order-with-dead-time empirical model, as determined 
in Example 19.6; thus, the model gain was 0.039, the model time constant was 
10.5, and the model dead time was 5.5. The filter time constant was determined 
to be 6.1 min in Example 19.7. 

The results are presented in Figure 19.7. The performance is acceptable for 
the base case and +30% change in process behavior. For the largest model 
error, the system has very poor performance and appears on the limit of stability. 
These results are similar to the behavior of PID controllers; for reasonable model 
errors (previously estimated to be around ±25%), the PID performance usually 




Dynamic response of three-tank system with IMC control at various 
operating conditions for Example 19.8 (z> = 6.1 min). 
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does not degrade significantly. However, as the errors become large, the PID 
performance degrades substantially and can become unstable. As we see, some 
characteristics of closed-loop feedback systems do not depend strongly on the 
control calculation. 


In conclusion, the IMC controller is based on the general predictive control 
structure. The controller design method adheres to criteria that ensure zero offset for 
steplike disturbances, and it employs a factorization approach to obtain a realizable 
approximate inverse that gives good feedback control performance. An adjustable 
filter (tuning parameter) was introduced to enable the engineer to moderate the 
feedback action to maintain good performance of the controller and manipulated 
variables in the presence of measurement noise and model error. 


19.4 0 ) THE SMITH PREDICTOR 

The control design by O. Smith (1957) preceded much of the general analysis 
of predictive systems; in fact, it predated the application of digital computers to 
process control, so that widespread implementation of Smith’s results was delayed 
until real-time digital control computers became commercially available. Smith’s 
approach, shown in Figure 19.8, relies on the general predictive structure in which 
the controller is calculated by the elements in the dashed box; these elements 
perform the function of the predictive control algorithm, G cp (j), in Figure 19.2. 

Smith reasoned that “eliminating the dead time” from the control loop would 
be beneficial, which is certainly true but not possible via a feedback controller; 
only physical changes in the process can affect the feedback dead time. Therefore, 
Smith suggested that controlling a model of the process, without the dead time (or 
other noninvertible element), would provide a better calculation of the manipu- 





FIGURE 19.8 

Block diagram of Smith predictor. G c is a proportional-integral controller. 





lated variable to be implemented in the true process. He retained the conventional 
PI control algorithm; thus, the system in Figure 19.8 consists of a feedback PI 
algorithm G c (s) that controls a simulated process, G~(s), which is easier to con¬ 
trol than the real process. G~(s) has the same meaning here as for IMC control 
in equation (19.14), and the absence of dead time or inverse response (right-half- 
plane zero) in the model G~ (s) allows much more aggressive control of the model 
than of the true plant. 

The calculated manipulated variable resulting from controlling the model is 
implemented in the true process, which could yield good control as long as the 
model were perfect. Naturally, the model will not be perfect, and some form of 
feedback is required to achieve zero steady-state offset. Smith recognized the 
value of the predictive structure and, as shown in Figure 19.8, proposed correcting 
the model with the difference between the measured and the predicted controlled 
variables. Note that the prediction is determined using the complete linear dynamic 
model G m (s), including any noninvertible dynamics. The feedback signal E m (s) 
can be interpreted as a correction to the model G~(s). 

The closed-loop transfer function of the system in Figure 19.8 is 

CV(s) _ G c (s)G p (s) _ 

SP(s) 1 + G c G„(s) + G c (s)[G p (s) — G„,(.s)] 

If the model were perfect, the characteristic equation would not contain a dead time, 
because G m (s ) and G p (s) would cancel. Thus, for the case with a perfect model, 
the characteristic equation involves only the expression 1 + G c (s)G~(s), which 
is easier to control and allows a more aggressive adjustment of the manipulated 
variable. Naturally, the true process is never known exactly, and the actual behavior 
and stability depend on all terms without cancellation. Application of the final value 
theorem to equation (19.27), for a step change in the set point and a PI algorithm 
for the controller, gives 

ASP G c (s)G p (s) _ 


lim CV(t) = lims- 

t-+ 00 s —►O s 


1 + G c G m (s) + G c (s)[Gp(i) - G m (s)] 


(19.28) 


For a stable process, G p (0) = K p and G m (0) = K m = G m (0) = K m , 


lim CV(r) = lim ASP 

/-> 00 5—>0 


1 + 


= ASP 


K ' (' + 7 ^) K " + K ‘ (' + 7 ^) (Kp ~ Km) 

(19.29) 
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Thus, zero steady-state offset for a step input with Smith predictor control does not 
require a perfect model; it requires only that the steady-state gains for the two models 
be identical (K m = K~) and that the controller algorithm G c (s) have an integral 
mode. 


Again, the performance and robustness of the Smith predictor control system de¬ 
pend on the controller tuning. The reader is cautioned that the PI controller in the 
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Smith predictor should not be tuned using correlations from Part in, which were 
developed for the conventional control structure, using G~(s ) for the feedback 
dynamics. The purpose of the PI controller is to calculate an approximate inverse 
rapidly, as demonstrated by the following: 


, MVW _ Gc(s) ^ 1 

cp SP(s) - E m (s) 1 + G c (s)G7„(s) ~ GM 


for “large” G c (s) 

(19.30) 


Thus, the inverse would be approximated by a tightly tuned controller. A proper 
tuning procedure should consider the behavior of the controlled and manipulated 
variables as well as robustness for the model mismatch expected to be encountered. 
The proper tuning can be related to the IMC tuning by recognizing the equivalence 
of the IMC and Smith predictor for application to a process with first-order-with- 
dead-time feedback dynamics: 


Smith predictor: 


IMC controller: 


MVQy) _ G c (s) 

T p (s) 1 + G m (s)G c (s ) 



MVQy) = 1 r w a + 1 
T p (s) K m x f s + 1 


These two expressions can be shown to be equal when 


(19.31) 


(19.32) 


K c = —-p— T, = T m (19.33) 

TfK m 

Thus, the tuning correlations in Figure 19.6 along with equations (19.33) can be 
used to estimate initial tuning for the Smith predictor with a first-order-with-dead- 
time process model. Alternative guidelines are provided by Laughlin and Morari 
(1987). 

The Smith predictor is easily programmed in a digital system. The digital form 
of the PI controller was presented in Chapter 11, and for a first-order-with-dead- 
time model, the digital models are programmed using equation (19.25) for G m (s ) 
and the same equation with no dead time, f = 0, for G~(s). 


EXAMPLE 19.9. 

Apply the Smith predictor to the same process as considered in Example 19.7, 
the three-tank mixing process. 

Again, the approximate first-order-with-dead-time model will be used as given 
in Example 19.7. The PI tuning can be estimated using Figure 19.6 and equations 
(19.33) to give 


9/(9 + t) = 0.34 Tf/(9 + r) = 0.38 r/=6.1min 


K c = r/(r f K m ) = 10.5/[(6.1)(.039)] = 44.1(% open)/(%A) T, = r = 10.5 min 

The models G m (s ) and G~(s) can be converted to digital approximations, as 
demonstrated in Example 19.8, and the PI controller can be programmed digitally, 
as shown in Chapter 11. The dynamic response of the control system, with the con¬ 
troller implemented as a digital algorithm, is essentially identical to the response 
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Time 


FIGURE 19.9 


Dynamic response for three-tank system under Smith predictor 
control for Example 19.9 with K c = 88% open/% A. 


for the IMC controller shown in Figure 19.5, case B, so that plot is not repeated. The 
controller can be fine-tuned using the same approach as described in Section 9.5. 
For example, the controlled-variable performance for the base-case model can be 
improved by increasing the controller gain to 88% open/%A, as shown in Figure 
19.9, which gives an IAE of 6.8. Since this tuning is more aggressive than the cor¬ 
relations in Figure 19.6, it is less robust and would not normally be used initially, 
but it could be reached through fine tuning if empirical experience indicated that 
the actual model errors and noise were smaller than anticipated in deriving the 
initial tuning correlation. 


In conclusion, the Smith predictor conforms to the general principles of the 
predictive control structure. It employs a unique method for calculating an ap¬ 
proximate model inverse: by controlling a model consisting of the invertible part 
of the model. This structure can achieve zero steady-state offset for steplike dis¬ 
turbances by conforming to easily achieved criteria. Again, the Smith predictor 
system is simple to implement in digital control and generally yields good control 
performance. The tuning of the PI controller must be appropriate for the predictive 
structure and can be adjusted to make the Smith predictor control more or less ag¬ 
gressive to provide the desired controlled- and manipulated-variable performance 
for the expected range of model mismatch. 
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It is important to remember that predictive controllers employ the same feedback 
principles as classical structures and involve basically the same tasks to design, 
implement, and operate. The engineering tasks include selecting the feedback mea¬ 
surement, selecting the manipulated variable, determining an appropriate model 
structure with parameters, selecting an algorithm, and establishing the tuning con¬ 
stants. In operating the system, process personnel must decide on the status of 
the controller—automatic or manual—and enter the set point value. Thus, predic¬ 
tive controllers can be presented to plant operating personnel in exactly the same 
manner as classical PID controllers, so that displays and faceplates need not be 
altered. 

One programming detail is important for proper implementation: the variable 
used as the input to the model G m (s). This variable should have the value of the 
actual process input variable and must observe any limitations that exist in the 
plant, such as the valve being limited to 0 to 100% open. If this guideline is not 
observed, the control system will be subject to the undesirable integral (reset) 
windup, described in Chapter 12. When a limitation is reached in the manipulated 
variable, the controlled variable cannot be returned to its set point, regardless of 
the control algorithm used. In this situation, the magnitude of the controller output 
must not increase without limit (the symptom of integral windup). The behavior 
of the controller output can be determined by applying the final value theorem 
to the Laplace transform of the controller output, MV(s), for the IMC control 
system in Figure 19.10. This is done in the following paragraphs for incorrect and 
correct implementations for a step disturbance; in both, MV(.s) is the output of the 
controller. 

Incorrect (windup occurs): The IMC model input is the signal before any 
limitation, MV(s), which can differ from the true value of the input variable to 
the process, MV*(s). The closed-loop transfer function for this system, when the 



E m (.s) 


FIGURE 19.10 


Predictive control structure with correct (solid) and incorrect (dashed) 
inputs to the model. 







manipulated variable is at an upper or lower limit, is 
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lim MV(t) = lim.sMV(.s) = lims 

/—► 00 5—>0 5->0 


Gj(s)G f(s)G cp (s) 

1 - Gf(s)G cp (s)G m (s) 


-K d K f -^-AD 

_ 


(19.34) 


Clearly, this implementation suffers from integral windup. This undesirable be¬ 
havior results because of the requirements that Kf = 1.0 and K cp = K~ l for 
zero steady-state offset in the normal, unconstrained situation. The cause of reset 
windup could also be interpreted as the model G m ( s ) ceasing to represent the causal 
relationship between the calculated controller output and the measured controlled 
variable, which is properly zero when the limitation occurs. 

Correct (windup prevented): The IMC model input is the true value of the 
variable in the process, MV* (5), which is affected by the process limitations. When 
the manipulated variable reaches a limit, it is constant, and the system behaves like 
an open-loop system. 


lim MV(r) = lim.yMV(,s) 

/—>oo s—> 0 


= jim s y-“Gf(s)G C p(s)G ( j(s)—-J (19.35) 

~ r 'G h) K * AD 

This approach achieves the proper behavior because the model G m (s) represents a 
causal relationship that is valid for all situations. When the values of the predicted 
and the measured controlled variables reach essentially constant values, the feed¬ 
back signal is constant except for disturbances, which vary over a limited range 
of values. The feedback signal in the correct implementation results in a value of 
the controller output that is limited to proportional responses to disturbances, as 
is proper to prevent integral windup. 

With proper design and care for implementation details, digital implemen¬ 
tation of predictive controllers is straightforward; in fact, the algorithms can be 
preprogrammed so that engineers need only select from a set of possible model 
structures and enter values for the model parameters and tuning constants. Thus, a 
predictive controller should not require more effort to implement than a standard 
PID algorithm. 


19.6 i ALGORITHM SELECTION GUIDELINES 

To this point, single-loop predictive control has been introduced, the IMC and 
Smith predictor control algorithms have been presented, and tuning and program¬ 
ming guidelines have been provided. These controllers can be used in place of 
any PID controller; however, since the PID is the standard algorithm selected, a 
predictive control system is normally selected only when it performs better than a 
PID algorithm. In this section four applications are discussed in which predictive 
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control offers potential advantages; the IMC controller will be used in all examples, 
but similar results can be obtained with a Smith predictor. 
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Long Dead Times 

The Smith predictor is often referred to as a dead time compensator because 
Smith’s original goal was to improve the performance of feedback control systems 
with long dead times in the feedback processes. When the model is perfect in 
Figure 19.3, the predictive system behaves like a feedforward controller; thus, the 
control action in this ideal situation can be as aggressive as required for the desired 
performance, without concern for stability. Even with modest model errors, the 
predictive system has the potential for improved performance when applied to 
processes with large fraction dead times. Selection of the proper algorithm (PID or 
predictive) depends on the particular situation; the advantages of predictive control 
are greater as the model is more accurate, the noise is small, and the feedback 
fraction dead time is large, usually greater than about 0.70. 

Inverse Response 

As explained in Section 13.5, an inverse response in the feedback process degrades 
the performance of a feedback controller in a manner similar to dead time. The PID 
algorithm has particular difficulty, because its error signal—the difference between 
the set point and the measured variable—initially increases in magnitude in spite 
of a proper initial feedback adjustment to the manipulated variable. The predictive 
controller has been reported to perform well, because its feedback signal—the 
difference between the predicted and the measured values—does not experience 
an inverse response (Iionya and Altpeter, 1962; Shunta, 1984). 

Cascade Control 

One of the design criteria presented in Chapter 14 for cascade control is that 
the secondary control loop must be much faster than the primary loop. There 
are situations in which a cascade is desirable for disturbance response, but the 
dynamic response of the secondary is not substantially faster than the primary. An 
example is a distillation composition controller that acts as a primary by resetting 
a tray temperature controller set point (e.g., Fuentes and Luyben, 1983). If the 
appropriate cascade criterion is not satisfied, significant fluctuation of the relatively 
slow secondary controlled variable causes a transient disturbance in the primary. If 
a PID control algorithm is used as the primary controller, unacceptable oscillations 
can occur. 

A predictive control system for the primary in a cascade offers a distinct 
advantage, because the feedback signal is the sum of the model error in the primary, 
along with primary disturbances (Bartman, 1981). Secondary disturbances, which 
cause deviations in the secondary measurement, appear in both the measured and 
predicted primary variable at about the same time and magnitude (if the model 
is reasonably accurate). As a result, the secondary disturbances have little or no 
effect on the feedback signal, E m (s). This behavior is achieved when the model 
input is the measured secondary variable, as shown in Figure 19.11. Therefore, the 
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dynamic behavior of some cascade systems can potentially be better (i.e., much 
less oscillatory) when the primary is a predictive control system. 

Feedforward 

As described in Chapter 15, a feedforward-feedback control system can perform 
quite well when the process dynamics allow a complete compensation of the dis¬ 
turbance by the feedforward controller. This criterion is satisfied when the distur¬ 
bance dead time is longer than the feedback process dead time (i.e., 6j > & p ). 
When this criterion is not satisfied, the feedforward controller changes the manip¬ 
ulated variable enough to compensate fully for the disturbance when the steady 
state is achieved; however, the initial effect of the disturbance appears in the mea¬ 
sured controlled variable prior to the effect of the manipulated variable. A PID 
feedback controller cannot recognize that the feedforward compensation has been 
introduced and makes an unnecessary additional change to the manipulated vari¬ 
able. 

The essential deficiency in the conventional feedforward-feedback design is 
the feedback PID controller, which cannot determine that the proper manipulation 
has been entered by the feedforward controller. This deficiency can be overcome 
through the use of a predictive control system for feedback, as shown in Figure 
19.12. In this design, the predictive model includes relationships for the manipu¬ 
lated and measured disturbance variables, and the value of the manipulated vari¬ 
able used in the model includes the changes from both feedforward and feedback 
controllers. Again, the feedback signal is the difference between the measured 
and predicted controlled variables. As long as the models GdmC 5 ) and G m (s) are 
reasonably accurate, the feedback signal, E„, (s), does not change during the tran¬ 
sient resulting from imperfect feedforward dynamics. In the situation of “slow” 
feedforward control (Qd < 0 P ), the model predictive feedback will not introduce 
additional adjustments to the manipulated variable. 





608 


CHAPTER 19 
Single-Variable Model 
Predictive Control 



Feedforward with predictive feedback control. 


The guidelines in this section indicate applications in which predictive control 
is likely to perform better than single-loop PID controllers. In many other appli¬ 
cations, PID and predictive control systems give equivalent performance, and the 
usual selection is PID. 

19.7 a ADDITIONAL TOPICS IN SINGLE-LOOP MODEL 
PREDICTIVE CONTROL 

The presentation in this chapter provides only an overview of predictive control, 
which is still a developing topic. A few important additional issues are introduced 
briefly in this section with reference to the IMC control system. 


Digital Implementation 

The procedure used here was to perform the design assuming that all variables were 
continuous, allowing Laplace transform methods, and subsequently, to convert the 
resulting model and controller to discrete form. A more general approach is to 
convert the models to the discrete form before performing the controller design, 
which enables more general model structures to be used. This approach requires 
the use of z-transforms (Appendix L; Ogata, 1987) and is presented in Appendix L 
and in Morari and Zafiriou (1989). 

Controller Design 

The method for calculating the controller was based on the goal of perfect control 
(zero deviation of the controlled variable from its set point). Since this goal is not 
possible, the controller design method factored the model and used only the in¬ 
vertible part, G cp (s) = [G“(s)] -1 . This approach leads to a realizable controller, 
but there is no guarantee that it is the “best” in any sense. Alternative controller 







algorithm design methods are based on other goals. For example, the controller 
could be designed to minimize the integral of the error squared, ISE, of the con¬ 
trolled variable during the disturbance response. This approach is presented by 
Newton et al. (1957) and applied to IMC control by Morari and Zafiriou (1989). 
Naturally, a tunable filter remains in the design to achieve the desired robustness 
and manipulated-variable behavior. 

Filter Design 

The filter described in this chapter improves the robustness of the predictive system 
at the expense of increased deviation of the controlled variable from its set point. 
Alternative filter designs can be selected to improve the response of the system 
to a specific disturbance. For example, the response of predictive systems to dis¬ 
turbances, as described in this chapter, can be somewhat slow, but the disturbance 
response can be improved by designing a filter that infers the disturbance variable 
D(s) from the feedback signal E m (s). When there is no model error, this calcu¬ 
lation requires that the filter be related to the inverse of the disturbance transfer 
function. While this concept is theoretically sound, it can lead to aggressive con¬ 
trollers that are tailored to a specific disturbance and may not respond well to other 
disturbance types. Again, some of these ideas are in Morari and Zafiriou (1989). 

Robustness and TUning 

A vast literature is developing in methods for designing controllers using knowl¬ 
edge of the likely model errors, or mismatch. The key aspect of the design methods 
is to provide not only stability, but also the best performance possible, over the 
likely model errors. If the mismatch characterization is simple, like the gain margin 
used in Ziegler-Nichols, the methods are easily applied, but they can yield con¬ 
servative feedback performance. This approach was promoted by the discussions 
and methods in Doyle and Stein (1981). 

PID TUning 

The IMC controller can be expressed as an equivalent classical controller design, 
and this equivalence can be used to express PID tuning as a function of only one 
parameter: the IMC filter r/. Results have been developed by Rivera et al. (1986) 
and are summarized here for the “improved PI” tuning: 

2r +6 9 

K P K C = —— 7/ = r + - (19.36) 

LTf L 

The recommendation is that r/ > max (1.70,0.2r) (Morari and Zafiriou, 1989). 

19.8 □ CONCLUSIONS 

In this chapter, an alternative feedback control structure and algorithm were intro¬ 
duced for processes that are open-loop stable. This predictive structure employs an 
explicit model of the process in the control calculations. In addition, the controller 
G cp (s) is designed to be an approximation of the process model inverse. Since the 
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feedback signal is the disturbance [when G m (s) is a perfect model], the predictive 
controller functions somewhat like a feedforward controller and potentially can 
implement more aggressive adjustments to the manipulated variables. 

Analysis of the predictive control structure provides a unified viewpoint for 
evaluating the effects of dynamic elements in the feedback process on control 
performance. In particular, the importance of dead time, inverse response (right- 
half-plane zeros), constraints, and model error are clearly identified. 


Recall that the controller cannot eliminate dead time or inverse response from the 
feedback process. Substantial improvement in single-loop control performance re¬ 
quires process changes to reduce these unfavorable dynamic characteristics. 


The predictive structure has the feature of removing process elements that are 
difficult to control from the calculation of the feedback adjustment, when the model 
is perfect. In this situation, the feedback signal E m does not depend on the controller 
output MV, because it is affected only by disturbances. In single-loop control, 
predictive control offers potential for improved performance in feedback processes 
with large fraction dead times, inverse responses, or both. Also, predictive control 
can be employed in cascade control with similar secondary and primary dynamics 
and in feedforward-feedback control with a disturbance dead time less than the 
feedback dead time. 

In addition to providing useful single-loop control algorithms, the material in 
this chapter provides a general manner for analyzing feedback systems. Specif¬ 
ically, the predictive structure is the basis for the powerful multivariable control 
algorithm presented in Chapter 23. 
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ADDITIONAL RESOURCES 

The results in this chapter are limited to stable processes, which eliminates unstable 
processes such as the chemical reactors in Appendix C and non-self-regulating 
levels. The approach can be extended, as described in Morari and Zafiriou (1989). 

QUESTIONS 

19.1. For the following processes, design IMC and Smith predictor model pre¬ 
dictive controllers. Specify all parameters and give all equations for digital 
implementation. Simulate each for a set point change. 

(a) The process in question 6.1, controlling temperature by adjusting the 
valve. 

( b ) The process in question 6.2, controlling temperature by adjusting the 
valve. 

(c) The nonisothermal chemical reactor in Example 13.12, controlling the 
reactor concentration, Ca, by manipulating (i) the pure A feed valve 
(i>a) or (ii) the coolant flow valve (v c ). 

(d) The chemical reactors in Example 3.3, controlling outlet composition 
Ca 2 by adjusting the inlet composition Cao- Use an approximate first- 
order-with-dead-time model for G„,(s) and in designing G cp (.s). 

19.2. The three-tank mixing process with IMC control was investigated in Exam¬ 
ple 19.8 for various flow rates. Using the deterministic-calculation approach 
introduced in Section 16.3, determine a method for maintaining good IMC 
control performance as the measured flow rate changes over the range in 
Table 16.1. 

19.3. The following process models have been identified for processes that con¬ 
form to the block diagram in Figure 19.11. For each process, determine 
whether cascade control or single-loop control is appropriate, assuming 
that D 2 (s) is a significant disturbance. For cascades, decide whether the 
performance might be improved by using an IMC controller as the primary. 
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(a) 


Secondary 


G P 2(S ) = 


0.5 

XS + 1 


Primary 


G p \(s) = 


2.3 

(rs + 1) 5 


(b) 


G P 2(S ) — 


0.5 

(T5 + l) 3 


GplC*) = 


2.3 

(r s + l ) 3 


(c) 


G P 2(s ) = 


0.5 

(r s + l ) 5 


G p i (s) — 


2.3 

(rs + 1) 


19.4. (a) Verify the equalities given in equations (19.31) to (19.33), re¬ 
lating the IMC and Smith predictor approximate inverses for 
G~(s) = K m /(\+xs). 

(b) Verify the relationship in equation (19.10) relating the model predictive 
and classical controllers. 

(c) In Figures 19.10 to 19.12, which of the transfer functions represent 
control calculations and which represent process behavior? 

(d) Determine the criteria for zero steady-state offset with model predictive 
control of a stable process with an impulse input change. 


19.5. Describe a proper method for providing anti-reset windup for the Smith 
predictor. Include a block diagram and apply the final value theorem to 
prove that your design is adequate. 

19.6. Perform the following analysis for the stirred-tank heat exchanger in Ex¬ 
ample 8.5 under IMC feedback control. To simplify the analysis, assume a 
perfect model when determining the analytical solution and that Gj(s) = 
G p (s). 

(a) Analyze the degrees of freedom. 

( b ) Derive the linearized model for the process and controller. 

(c) Determine the analytical solution for the controlled variable for a step 
set point change. Assume that Xf = x. 

( d ) Determine the analytical solution for the manipulated variable for a 
step set point change. Assume that Xf = r. 

(e) Recalculate the results in (c) and id) for t/ = j8r, with ft = 0.5 and 
0.1. Sketch the shape of the dynamic responses of the controlled and 
manipulated variables for these three values of Xf. 

( f ) Select the best value of xj for the heat exchanger, not necessarily one 
of the values considered in previous parts of this question. 


19.7. The selection of the manipulated and controlled variables is discussed in 
Chapter 7. Discuss how these criteria should be modified for feedback 
control using model predictive control. 

19.8. A mixing process with the structure in Figure 13.4 and with the following 
feedback and disturbance transfer functions is to be controlled with an IMC 
controller. The controlled variable is to be maintained within ±0.37 of the 
set point for a unit step disturbance. What value of the IMC controller filter 
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19.10. Draw a block diagram for the Smith predictor control system. In each block 
that involves controller calculations, show the equations solved in the digital 
implementation. Assume that an adequate process model is first-order with 
dead time. 

19.11. The results of the tuning study given in Figure 19.6 show that the IMC 
filter factor decreases as the fraction dead time increases. Since the filter 
was introduced to make the feedback adjustments less aggressive and more 
robust, one might expect larger filter values to be necessary at large frac¬ 
tion dead times. Discuss the effects of the filter and reconcile the tuning 
correlations with the robustness expectations just stated. (Hint: Consider 
all control performance criteria and process conditions involved in deter¬ 
mining the tuning correlations. They are described in Table 9.1.) 

19.12. Analyze the control performance for IMC (or Smith predictor) feedback 
control of the three-tank mixing process using closed-loop frequency re¬ 
sponse. The process is modelled in Example 7.2. 

(a) Derive the expression used for this calculation assuming that the con¬ 
troller uses the first-order-with-dead-time approximation in Example 
19.5 and zy = 6.1. (Do not solve for the real and imaginary parts 
analytically.) 

( b ) Use a computer program to evaluate the magnitude of the transfer func¬ 
tion over a range of frequencies; that is, determine |CVO'a>)|/|D(./cu)|. 

(c) Compare the results in ( b ) with the equivalent results in Figure 13.16 
(curve a) for PI control, discussing similarities and differences. 

19.13. A method for analyzing the stability of the model predictive control sys¬ 
tems should be available. Perform the following analysis for the three-tank 
mixing process under IMC control for two cases: ry = 0 and ty = 6.1. 
Use the continuous transfer functions from Example 19.6. 

( a ) Determine the expression for Gol(s) that could be used to analyze 
stability. 

(b) Determine the magnitude and phase angle of GolO") for various 
values of frequency, including several decades around the critical fre¬ 
quency. Present the results in Bode plots. 

(c) Evaluate the Bode plot for the assumptions required for use in Bode 
stability analysis. 


is required to achieve this performance? 

1.0e -05i 


G p (s ) = 


1 + \.5s 


Gj(s) = 


1.0 


1 + 1 .Os 


19.9. The chemical reactor process described in Examples 1.2 and 13.8 has a 
feedback system with the outlet concentration controlled by adjusting the 
solvent flow rate. Design IMC and Smith predictor model predictive con¬ 
trollers for feedback control. Program one of them and compare the control 
performance with that achieved with PI feedback in Example 13.8. Discuss 
the relative performances and steps required to substantially improve the 
control performance. 
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(d) Based on the results of ( b ) and (c), discuss the use of the Bode method 
for stability analysis of model predictive control systems. Suggest a 
more general method that is applicable. 

19.14. Consider a process with first-order-with-dead-time feedback dynamics and 
first-order disturbance dynamics (e.g., the process in Figure 13.4). The sys¬ 
tem is to be controlled with an IMC system and is subject to an unmeasured 
step disturbance. Assume the model predictive control calculations can be 
designed with perfect models. Answer the following questions for two 
cases: (1) zero feedback dead time and (2) nonzero feedback dead time. 

( a ) Define the best, physically possible feedback control performance. For 
this question alone, control performance is determined completely by 
the ISE of the controlled variable. 

(b) Determine the transient response of the manipulated variable that 
would result in the behavior of the controlled variable determined in 
(a). 

(c) Derive the IMC controller and filter G f(s)G cp (s ) that would give the 
performance defined in (a) and ( b ) using the feedback measurement 
only. 

19.15. Using the IMC tuning rules for a PI controller in equation (19.36) and 
Figure 19.6, develop graphs of K P K C and T//(9 + r) versus the fraction 
feedback dead time, 9/(9 + r). Compare these graphs with Figure 19.9. 



Multivariable 

Control 



In this part we continue the trend of addressing increasingly more complex process 
control systems. Although some of the control systems in Part IV involved more 
than one measured variable, we considered these to be single-variable control 
because they had the ultimate objective of maintaining only one variable near its 
set point. By contrast, multivariable control involves the objective of maintaining 
several controlled variables at independent set points. 

The simple chemical reactor process shown in Figure V. 1 is considered first to 
introduce the concept of a multivariable process. The control objectives depend on 
the goals of the entire plant and of the design of associated equipment, but typical 
objectives would be to control the level, temperature, and outlet concentration at 
independent set points, which would be achieved by adjusting selected manipulated 
variables in the process. Again, the variability of the controlled variables is reduced 
through actions that increase the variability of the manipulated variables. In Part V 
the complexity of multivariable systems is reduced by assuming (for the most part) 
that the process design, measurements, and final elements cannot be changed; thus, 
the process dynamics and control calculations are addressed. These restrictions will 
be relieved in Part VI, when process control design is addressed. 

Control of multivariable systems requires more complex analysis than that 
of single-variable systems, as summarized in Table V.l. Fortunately, essentially 
all methods and results learned for single-variable systems are applicable to mul¬ 
tivariable systems. Thus, aspects of a single-variable system that make it easy 
or difficult to control have generally the same effect for multivariable systems. 
However, in multivariable systems new characteristics due to interaction must be 
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TABLE V.1 

Characteristics of multivariable control systems 
Single-loop characteristics that generally 

lead to good control performance in Characteristics unique to multivariable 

multivariable systems systems 


1. Fast feedback processes (small 6 + r) 

2. Feedback processes with a small fraction 
dead time ( 6/(6 + r)) and no 

inverse response 

3. Disturbances with small magnitudes far 
from the critical frequency 

4. No limitations encountered in the 
manipulated variable 

5. Digital controllers with relatively 
fast execution periods 

6. Controllers based on accurate models 


7. Controllers using appropriate 
enhancements from Part IV 


1. Interaction between variables influences 
control stability and performance. 

2. Feasibility of control depends on overall 
process, not just individual 
cause-effect relationships. 

3. The source of the disturbance, not just 
the magnitude, must be considered 

in designing the control strategy. 

4. The pairing of measured variables and 
final elements via control 

is a design decision. 

5. Some processes have an unequal number 
of controlled and manipulated variables. 

6. Some multivariable control designs 
are very sensitive to modelling 
errors. 


considered. Interaction results from process relationships that cause a manipulated 
variable to affect more than one controlled variable. In Figure V.l the heating oil 
valve position influences both the temperature and, through the reaction rate con¬ 
stant, the concentration. This is the major difference from single-loop systems and 
has a profound effect on the steady-state and dynamic behavior of a multivariable 
system. 

Thus, it is not possible to analyze each manipulated-controlled variable con¬ 
nection individually to determine its performance; the integrated control system 
must be considered simultaneously. A closely related new issue is the distur¬ 
bance source, because multivariable systems respond differently to different dis¬ 
turbances. For example, the chemical reactor responds differently to disturbances 
in feed composition and feed temperature, and, as we shall see, these differences 
must be considered in designing a multivariable control system. 

Another realistic issue is the number of controlled and manipulated variables, 
which may not be equal. Note that the system in Figure V.l has four manipulated 
variables, which can be adjusted to control three measured variables. Multivariable 
control methods presented in this part are able to utilize all flexibility available in 
the process. 

There are two basic multivariable control approaches. The first is a straight¬ 
forward extension of single-loop control to many controlled variables in a process, 
as shown in Figure V.2. This is termed multiloop control and has been applied with 


success for many decades. The second main category is coordinated or centralized 
control, in which a single control algorithm uses all measurements to calculate all 
manipulated variables simultaneously, as shown in Figure V.3. Algorithms for this 
approach have been available for several decades and have been widely applied 
for a considerable time in the process industries. 

At the conclusion of this part, the unique characteristics of multivariable pro¬ 
cess systems and how these characteristics affect process control will have been 
presented. The reader is cautioned that this is a complex topic, worthy of an en¬ 
tire book, and that the presentation here is introductory. However, it presents the 
major issues, along with some of the more common analysis methods and control 
approaches. 
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Multiloop 
Control: Effects 


of Interaction 


20.1 a INTRODUCTION 



Multivariable control occurs in nearly all processes, because production rate (flow), 
inventory (level and pressure), process environment (temperature), and product 
quality are normally controlled simultaneously. The multiloop approach, using 
multiple single-loop controllers, was the first approach used for multivariable con¬ 
trol in the process industries. Through decades of research and experience, many 
successful multiloop strategies have been developed and continue to be used. 

One advantage of multiloop control is the use of simple algorithms, which is 
especially important when the control calculations are implemented with analog 
computing equipment. A second advantage is the ease of understanding by plant 
operating personnel, which results from the simplicity of the control structure. 
Since each controller uses only one measured controlled variable and adjusts only 
one manipulated variable, the actions of the controllers are relatively easy to mon¬ 
itor. A third advantage is that standard control designs have been developed for 
the common unit operations, such as furnaces, boilers, compressors, and simple 
distillation towers. This does not mean that a single control design functions well 
for all unit operations of the same type. However, several general structures are in 
common use, and selection among alternatives can be based on analysis and expe¬ 
rience. Considering these advantages, one could conclude that multiloop designs 
will continue to be used extensively, although not exclusively. 

An example of multiloop control of a flash process is given in Figure 20.1. 
Let us consider the behavior of the system when the feed flow rate increases. An 
initial effect is an increase in the amount of vapor entering the drum, although the 
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FIGURE 20.1 

Example of a multiloop control system. 


percentage feed vaporized decreases because of a slight decrease in inlet tempera¬ 
ture. The pressure in the drum increases because of the additional vapor; therefore, 
the pressure controller PC-1 takes action by increasing the percent opening of the 
valve in the vapor line. Another effect is a decrease in the temperature after the 
heat exchanger, which is sensed by TC-3. This feedback controller increases the 
steam flow to the exchanger, which returns the temperature to its set point and 
causes even more feed to be vaporized. This additional vapor causes the pressure 
to increase, and the pressure controller has to respond to this change as well. The 
increase in feed rate and changes in percent vaporized introduce changes in the 
liquid rate into the liquid inventory in the drum. The level controller increases the 
opening of the valve in the liquid product line to maintain the level near its set point. 

Two important features of this system become clear when observing its dy¬ 
namic behavior: 

1. The single-loop controllers are completely independent algorithms that do not 
communicate directly among themselves. 

2. The manipulations made by one controller can influence other controlled vari¬ 
ables; that is, there can be interaction through the process among the individual 
control loops. 

The interaction is the key effect addressed in this chapter, where we will demon¬ 
strate that several single-loop controllers on a process should not generally be 
analyzed as though each were a single-loop system. 

We shall use the following definition of interaction. 


A multivariable process is said to have interaction when process input (manipulated) 
variables affect more than one process output (controlled) variable. 


This definition is consistent with the use of the word in the vernacular and will 
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serve us in the study of multivariable systems. However, the definition does not 
distinguish between various important properties that will be introduced in this 
chapter. Thus, careful attention must be paid to the effects of various types of Modelling and 

interaction on control stability and performance. Transfer Functions 

In this chapter the basic principles of multiloop control are presented, with 
the goal of understanding multivariable systems. As with single-loop control, we 
start with the process by reviewing modelling approaches for multivariable pro¬ 
cesses and developing models for two sample systems, which will be used in later 
examples. Then the concept of interaction is discussed to highlight its effects on 
system behavior, and a quantitative measure of interaction is introduced. Finally, 
some approaches for tuning multiloop controllers are presented. All of the con¬ 
cepts developed in this chapter are employed in the next chapter, which addresses 
the performance of multiloop control systems. 


20.2 ■ MODELLING AND TRANSFER FUNCTIONS 


Process models for multivariable control can be derived from fundamental prin¬ 
ciples or can be estimated based on empirical data. Regardless of the modelling 
method used, the analysis, design, and tuning of multiloop controllers will be 
based on linear input-output models employing block diagram manipulation, sta¬ 
bility analysis, and frequency response. The following two examples demonstrate 
the modelling approaches applied to blending and distillation, and the resulting 
models will be employed in several subsequent examples. 


EXAMPLE 20.1. 

Blending is an important unit operation and is employed in a wide variety of indus¬ 
tries, as in the production of gasoline (Stadnicki and Lawler, 1985) and cement 
(Sakr et al., 1988). Typically, the controlled variables in a blending process are 
production rate and blended product composition. The blending process in Fig¬ 
ure 20.2 is modelled with the following assumptions: 

1. The inlet concentrations are constant. 

2. Mixing where the flows merge is perfect. 

3. The densities of the solvent and component A are equal. 

The overall and component A material balances at the point of mixing are 

F m = F A + F s (20.1) 



Example blending process. 


F m X m = F a X a + F s X s 


( 20 . 2 ) 


where F m — flow rate of mixed liquid (mass/time) 

X A = mass fraction of component A in pure A = 1.0 
X s = mass fraction of component A in solvent = 0.0 
X m = mass fraction of component A in the mixed liquid 


Equation (20.2) can be linearized about the steady state to give 
X ' m(t) = [(Fs + F^l F ' a{,) + [(F S + F A ) 1 2 3 1 Fs(t) 


(20.3) 


with the prime indicating deviation variables. The system is liquid-filled; thus, there 
is essentially no delay between a change in a component flow rate and a change 
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in the mixed-product flow rate. It is also assumed that the concentration at the 
location of the analyzer is essentially the same as at the mixing point; that is, there 
is no transportation dead time. Also, the inlet flow measurements are assumed 
to be exactly and instantaneously equal to the actual flows, F\ = F s and F 2 = 
F a . The dynamics of the mixed stream flow and concentration sensors are not 
instantaneous and are characterized by a first-order-with-dead-time model with 
gains of 1.0 and the following dynamic parameters: 



Dead time 

Time constant 

Flow 

0 F 

Tf 

Concentration 




Thus, the measured controlled variables are related to the instantaneous process 
variables in equations (20.1) and (20.3) by 

t A *Agl = x’ m (f-6 A )-A\(t) (20.4) 

at 

= F' m (t - e F ) - F$(t) (20.5) 

at 


Equations (20.1) and (20.3) to (20.5) can be combined to give the following 
linearized dynamic model: 


Ai(s) 



1 -t-r^s 


F,(s) + 



1 + t A s 


F 2 (s) 


( 20 . 6 ) 


F 3 (s) = 


\.Qe~ 9FS 


1 + T F S 


Fi(s) + 


1 * 
1 + t f s 


F 2 (s) 


(20.7) 


Clearly, interaction is present in this process, because each output is affected 
by both inputs. Numerical values will be determined for different operating condi¬ 
tions later in this chapter. 


EXAMPLE 20.2. 

The empirical identification procedures described in Chapter 6 can be applied to 
the distillation process shown in Figure 20.3. (This design was originally suggested 
by McAvoy and Weischedel (1981) and was approximated for constant relative 
volatility by Sampath (1991).) The manipulated variables are reflux and reboiler 
flow rates, and the controlled variables are distillate and bottoms composition. 
Other important variables, such as pressure and levels, are controlled tightly as 
shown. 

One experiment must be performed for each input variable, and the responses 
of all output variables (after 2 min analyzer dead time) are recorded. Either the 
process reaction curve or statistical methods can be used to fit parameters in the 
transfer functions. The models derived by this empirical procedure are as follows 



Relative volatility 

2.4 
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Number of trays 

17 


Feed tray 

9 


Analyzer dead times 
Feed light key 

2 min 

X F = 0.50 

Modelling and 
Transfer Functions 

Distillate light key 

X D = 0.98 mole fraction 


Bottoms light key 

X B = 0.02 mole fraction 


Feed flow 

F f = lO.Okgmole/min 


Reflux flow 

F r = 8.53 kgmole/min 


Distillate flow 

F d = 5.0 kgmole/min 


Reboiler flow 

F v = 13.53 kgmole/min 


Tray holdup 

H =1.0kgmole 


Holdup in drums 

HD- 10.0 kg mole 



FIGURE 20.3 


Example distillation tower. 


with time in minutes: 


X D (s ) = 


0.0747*- 31 
12s + 1 


Fr(s) - 


0.0667e -21 


0.1173e _3 - 3j 


15s + 1 
0.1253c- 21 
10.2s + 1 


Fv(s) + 


0.70c 


-5.v 


F v (s) + 


14.4s + 1 
1.3c" 31 


X F (s) 


12s+ 1 


X F (s ) 


( 20 . 8 ) 

(20.9) 


Note that the reflux flow ( F R ) and amount vaporized in the reboiler ( F v ) are 
potential manipulated variables, and the feed composition ( X F ) is a disturbance, 
because it depends on upstream operations and is assumed not free to be ad¬ 
justed. 


Finally, the linearized models in Examples 20.1 and 20.2 will be used in 
subsequent system analysis examples. When the dynamic responses are determined 
via simulation, the linearized distillation model will be used, but the nonlinear 
blending model will be used because of the large range of operating conditions 
considered in the blending examples. 

Linearized models, whether derived from fundamental balances or from exper¬ 
iments, can be used to analyze the system with and without control. To understand 
the entire system, it is helpful to present the process in a block diagram. The block 
diagram of a general 2x2 system, recalling that each process transfer function 
relates one input to one output, is shown in Figure 20.4. Each term G-,j (s) relates 
manipulated input j to output i, and the terms Gjjis) relate the effects of a dis¬ 
turbance on each process output. If more than one important disturbance is to be 
considered, additional disturbance transfer functions can be included. Note that if 
both GnCs) and G 21 (s) [or alternatively G 11 (5) and G22CS)] are zero, the process 
has no interaction, because one input affects only one output. In such a case, the 
system behaves like two independent processes, and the behavior of each control 
loop is independent. 
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FIGURE 20.4 

Block diagram of 2 x 2 open-loop system. 


The set of simultaneous equations relating inputs to outputs in Figure 20.4 are 
often presented in matrix form as follows: 


"CV,(j)1 * 

_CV 2 (J)J 


Gu(s) 

G 2t (s) 


G n {s)' 

'MV, (5)1 

Gd](s) 

Gn{s) _ 

_MV 2 (s) J 1 

L Gd2(s). 


D(s) (20.10) 


Each element of the matrix is a transfer function relating one input to one 
output. Thus: 


Linear models for multivariable systems can be developed using the same analytical 
and empirical procedures as for single-variable systems. 


20.3 ■ INFLUENCE OF INTERACTION ON THE POSSIBILITY 
OF FEEDBACK CONTROL 

Previously, some basic requirements were stated for the variables involved in a 
single-loop feedback control system. Briefly, the controlled variable should be 
closely related to process performance; the manipulated variable should be in¬ 
dependently adjustable; there should be a causal relationship between the ma¬ 
nipulated and controlled variables; and the dynamics should be favorable. These 
guidelines are still useful, but a somewhat more thorough analysis is required for 
multivariable systems, because range and controllability are influenced by process 
interactions. 

Operating Window 

The first issue is the control system’s range of attainable variable values. The term 
operating window will be used for the range of possible (or feasible) steady-state 
values of process variables that can be achieved with the equipment available. The 
operating window can be sketched using different variables as coordinates; in one 
approach, the controlled variables are used to characterize the range of possible 
set points, with all disturbances constant. Another common approach is to use 
the disturbance variables as coordinates to characterize the range of disturbance 
values that can be compensated by the control system (i.e., for which the con- 






0 100 


Mixed stream concentration 
A v % 

FIGURE 20.5 

Operating window for blending with controlled variables as 

coordinates. 



Influence of 
Interaction on the 
Possibility of 
Feedback Control 


trolled variables can be maintained at constant set points). The two approaches are 
demonstrated in the following examples. 


EXAMPLE 20.3. 

The component flow rates in the blending example can be adjusted continuously 
from zero to maximum rates, F A ^ and F Smax . Draw the operating window of attain¬ 
able total flow rate and composition, assuming that the component compositions 
remain unchanged. 

The attainable total flow F 3 and composition A\ are shown in Figure 20.5. The 
limiting values are easily determined by solving equations (20.1) and (20.2) for 
various values of one flow, with the other flow at its maximum value. The interaction 
between variables is clear, because the value of one variable influences the range 
of the other variable. If the variables were independent and no interaction occurred, 
the operating window would be rectangular, which it clearly is not. 











EXAMPLE 20.4. 

The feed flow rate and composition to the distillation tower in Example 20.2 change 
over ranges of 8 to 12 kmole/min and mole fraction 0.4 to 0.6, respectively. Also, the 
vapor condensed in the condenser cannot be greater than 15.0 kmole/min. Deter¬ 
mine the range of disturbances for which the product qualities can be maintained 
at 0.98 and 0.02 mole fraction. 

The method for calculating the operating window for this example depends on 
the equation-solving methods available. A trial-and-error method could be used to 
specify the disturbances and simulate the tower with X D and X B at their set points. 
This trial-and-error procedure, involving many simulations, would be executed 
until the disturbance value that resulted in the maximum overhead vapor flow was 
found. A direct method of solving this problem would be to specify X D and X B and 
calculate the feed composition X F that resulted in the overhead vapor flow meeting 
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FIGURE 20.6 


Operating window for distillation with disturbance 
variables as coordinates. 


its maximum limit; this approach is possible with a steady-state model solved 
using an equation-based approach (Perkins, 1984). The results of the analysis, 
performed by either method, are the feasible values of feed rate and composition, 
with X D and X B maintained at their desired values; the operating window is given 
in Figure 20.6, Again, the interaction is apparent by the shape of the operating 
window. The maximum feed rate is attainable with a feed containing the least light 
key, because the least amount of distillate product is generated by this feed and 
the least distillate requires the minimum overhead vapor. 


Controllability 

Another important issue in multivariable control is the independence of the input- 
output process relationships between selected manipulated variables (MVy’s) and 
controlled variables (CV/’s); a process in which the relationships are independent 
is termed controllable. Many definitions for the term controllability are used in 
automatic control (e.g., Franklin et al., 1990); for the purposes of this book we will 
use the following definition, which is appropriate for continuously operating plants 
that should attain steady-state conditions (a somewhat less restrictive version of 
Rosenbrock’s (1974) “functionally controllable (f)”): 


A system is controllable if the controlled variables can be maintained at their set 
points, in the steady state, in spite of disturbances entering the system. 


Controllability is defined for a selected set of manipulated and controlled variables, 
and a system may be controllable for one selection and uncontrollable for another 
selection. A system’s controllability is not always easy to determine by observa- 
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tion; thus, a quantitative method for determining controllability is presented in this 
section. There is no general method for nonlinear systems; therefore, the control¬ 
lability of the locally linearized system will be analyzed to evaluate the system. As 
a result, the results of the controllability test are strictly valid only at the operating 
point at which the linear model is evaluated. 

The multivariable dynamic system can be described by a model of the form 
given in equation (20.10); only a 2 x 2 system is given, but the extension to 
higher orders is straightforward. We will assume that the system begins at steady 
state. The definition of controllability will be met if the controlled variables can be 
maintained at their set points, so that their deviation variables are zero, by adjusting 
the specified manipulated variables in the presence of steplike disturbances, which 
achieve a constant value, at least asymptotically. The behavior of the system at 
steady state can be determined through the final value theorem. As noted in Chapter 
4, the final value theorem can be applied if the output is bounded, which excludes 
bounded input-bounded output unstable systems. Applying the final value theorem 
to equation (20.10), with CV/(s) = 0 for all i, gives 


0 ] K n 

0 Ki\ K22 


MV', 

MV U L^2. 


D' 


( 20 . 11 ) 


with Kjj = lim Gjj(s) being the steady-state gains. 

The system is controllable if there is a solution for this set of linear alge¬ 
braic equations for arbitrary nonzero values of Kji, Kj 2 > and D' (i.e., all possible 
disturbances). 


Influence of 
Interaction on the 
Possibility of 
Feedback Control 


A solution exists for a square system of linear equations (20.11) when an inverse to 
the matrix of feedback process gains (K) exists; thus, the system is controllable if 
the determinant of the gain matrix is nonzero. 


A square physical system (numbers of manipulated and controlled variables are 
constant) is not controllable if any of the following conditions occurs: 


1. Any two process inputs are linearly dependent (giving dependent columns). 

2. Any two process outputs are linearly dependent (giving dependent rows). 

3. A process output is not influenced by any input (giving a column of zeros). 

4. A process input does not influence any output (giving a row of zeros). 


The controllability test is applied to the two processes in the following example to 
ensure that they are controllable. 


EXAMPLE 20.S. 


Evaluate the controllability of the blending and distillation processes. 
The gain matrices and their determinants are 


Blending 


-F a 


(F s + Fa) 2 

1.0 


Fs 


(F s + F A y 

1.0 


Determinant: 


— Fs + Fa 
(F s + F a )2 


^ 0.0 


'0.0747 -0.0667' 
0.1173 —0.1253 


Distillation 


Determinant: 


—0.001536 7 ^ 0.0 
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Since each determinant is nonzero, each process is controllable for the selected 
manipulated and controlled variables. 
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Note that a controllable system indicates that the manipulated variables can 
compensate for effects of disturbances on selected controlled variables for some 
small region over which the linearization is valid and constraints are not encoun¬ 
tered in the manipulated variables. In contrast, the operating window, which is 
evaluated using the nonlinear steady-state models including constraints, defines 
the entire possible region of operation. Both analyses should be performed to 
ensure the possibility of multivariable control. 

Finally, the controllability and range of the system are affected by the pro¬ 
cess design and operating conditions, along with the selected controlled variables. 
Therefore, deficiencies in controllability and range must be compensated through 
changes to the equipment or process operating point, not control algorithms. 


20.4 a PROCESS INTERACTION: IMPORTANT EFFECTS 
ON MULTIVARIABLE SYSTEM BEHAVIOR 

We now continue investigating the effects of interaction on multivariable system 
behavior, assuming that the process has a controllable input-output selection. The 
goal of this section is to demonstrate how the responses of a control system are 
influenced by interaction. To simplify the analysis, only relationships for two- 
input, two-output systems are considered, but the results obtained can be extended 
to control systems of higher order. Insights will be provided in this section through 
analyzing several examples and are formalized in the next section. 

The first step is to derive the transfer function for the multiloop feedback 
control system and determine the main differences from single-loop control. We 
begin this procedure by considering the same system (1) without control, (2) with 
one controller, and finally (3) with two controllers. First, suppose that a single 
controller were to be implemented on the system in Figure 20.4, with the goal 
of controlling CVi(s) by adjusting MV 1(5). The transfer function Gn(s) would 
have to be considered when tuning the controller, as demonstrated by the transfer 
function: 


——— = G 11 (s ) no control (20.12) 

MV 1 (5) 

In this case, the control loop could be considered a single-loop system; however, 
changes in MV 1(5) caused by the controller would affect CV2CS) because of in¬ 
teraction. 

Next, we consider a more complex structure to determine whether it affects 
the first loop. The block diagram for a multivariable process with one single¬ 
loop controller is given in Figure 20.7. This example is considered to demonstrate 
the effects of interaction on closed-loop systems. The transfer function relating 
MV 1(5) with CVi(s) would have to be considered when tuning the controller 
using these measured and manipulated variables. This transfer function follows 




FIGURE 20.7 

Block diagram of 2 x 2 system with one single-loop controller. 
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for the case with G C 2 (s) implemented: 


CVi(£) G, 2 (s)G 2 ,(s)G c2 (j) 

MV i (s) " {S) 1 + G c2 (s)G 22 (s) 


G C 2 (s ) implemented 


(20.13) 


This equation differs from the transfer function with no control of CV 2 (.s), equa¬ 
tion (20.12), by the second term, and the path represented by the second term is 
shown as a dashed line in Figure 20.7. Clearly, this path results from the process 
interaction and the second controller. The second term on the right-hand side in 
equation (20.13) would be zero if either or both G| 2 (s) and G 2) (.y) were zero, 
in which case the controller G e2 (.s) would have no effect on the transfer func¬ 
tion for CVi(s)/MVi(.y). The path shown with the dashed line will be referred 
to as transmission interaction and will be seen to have an important influence on 
stability. 


Transmission interaction exists when a change in the set point of a controller affects 
its controlled variable through a path that includes another controlled variable and 
controller. 


Note that it is possible to have process interaction [i.e., only Gj 2 (i) or G 2 1 (s) non¬ 
zero] without having transmission interaction, which requires both to be nonzero. 

The control design can be completed by applying two single-loop controllers to 
the process, as shown in Figure 20.8. The following closed-loop transfer functions 
can be determined from block diagram manipulation. (The results for the other 
controlled variable, CV 2 (.s), can be obtained by transposing the subscripts.) 

CVi(s) _ G c i(^)Gn(^) + G C i(s)G c2 [ Gh(s)G 22 (j) — Gi 2 (s)Gi 2 (.y)] 

SPi(s) ” CE(s) 

(20.14) 


CVi(s) _ G c2 (j)G, 2 (5) 
SP 2 (s) CE(s) 


(20.15) 
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SP,(s) 


SP 2 W 



FIGURE 20.8 

Block diagram of 2 x 2 system with two single-loop controller. 


CV!fr) 

D(s) 




GjnGi2(£)Gc2is) 1 

[1 + G c2 ( 5 )G22Mi 


[1 + G c2 (s)G 22 (.y)] 


CE(.s) 


(20.16) 


with the characteristic expression CE(s), which is the same for equations (20.14) 
through (20.16), 


CE (s) = 1 + Gci(s)G u (s) + G c2 (*)G 22 (s) 

+ G c] (s)G C 2 (s)[G u (s)G 2 2 (s) - G l2 (s)G 2 i(s)] 

When both interaction terms G^Cs) and G 2 i(j) are nonzero, the dynamic 
response of a single-loop controller between CVi(s) and MV t (i) depends on all 
terms in the closed-loop transfer function. As a result, the stability and performance 
of loop 1 depend on the tuning of loop 2. By a similar argument, the stability and 
performance of loop 2 depend on the tuning of loop 1. Therefore, 


The two controllers must be tuned simultaneously to achieved desired stability and 
performance. 


Further insight can be obtained by considering the steady-state behavior of the 
multivariable system. In particular, the necessary adjustments in the manipulated 
variables can be used as an indication of how interaction changes the system’s 
behavior. The general steady-state relationship for a 2 x 2 system is expressed 
here in deviation variables: 


cv; = K u mv; + K l2 MV' 2 
cv 2 = k 2 iMv; + k 22 my 2 

These equations are often written in matrix form as 



with 


K = 


K U Kl2~ 
K21K22 _ 


(20.18) 

(20.19) 


( 20 . 20 ) 








Equation (20.20) can be rearranged to give 



where K ~ 1 is the inverse of the steady-state gain matrix and exists for a controllable 
system. Note that equation (20.21) represents the calculation performed by the 
controller with zero steady-state offset. For example, equation (20.21) could be 
used to determine the steady-state changes in MV', and MVj for any specified 
changes in CV, and CV 2 (i.e., set point changes). Several hypothetical systems 
are considered first so that the extent of interaction can be changed incrementally 
from the base model; then some realistic processes are considered. 

The process gain matrices in Table 20.1 represent hypothetical systems with 
various extents of interaction: A has no interaction (K \2 = K^\ = 0); B has 
moderate transmission interaction; C has strong transmission interaction; D is not 
controllable (the determinant of the gain matrix is zero), and E has one-way in¬ 
teraction (K 21 = 0). Thus, their behaviors are expected to vary. In particular, 
multivariable control is not possible with system D, because it is not possible to 
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TABLE 20.1 

Summary of manipulated-variable changes for example 
systems with differing amounts of interaction 


System 


Process Inverse 

gain matrix gain matrix 

K K" 1 


cv; = 1.0 
cv^ = 0.0 


A 





MV' = 1.0 

No interaction 

'l.O 

0 . 0 ' 


' 1.0 o.ol 

MV' 2 = 0.0 


0.0 

1.0 


0.0 1.0J 

Same as 
single-loop 

B 





MV', = 2.29 

Moderate 

'1.0 

0.751 

2.29 -1.71' 

MV' 2 = -1.71 

transmission 

0.75 

1.0 J 

-1.71 2.29_ 

Larger than 

interaction 





single-loop 

C 





MV', = 5.26 

Strong 

"l.O 

0.90' 

5.26 -4.74' 

MV 2 = -4.74 

transmission 

0.90 

1.0 _ 

_—4.74 5.26_ 

Much larger than 

interaction 





single-loop 

D 



Singular; 


Not 

'l.O 

l.O' 

inverse does 


controllable 

1.0 

1.0 

not exist 


E 





mv; = 1.0 

One-way 

[1.0 

1.0' 


[1.0 -1.0I 

mv 2 = 0.0 

interaction 

|o.o 

1.0_ 


[0.0 1.0J 

Same as 


single-loop 
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control CV', and CVj independently. This system is not considered further, be¬ 
cause a process design change would be required to control the selected controlled 
variables. 

The changes in the manipulated variables required for the specified CV changes 
are given in Table 20.1. The manipulated variable changes for systems B and C with 
transmission (two-way) interaction differ from the single-loop values reported as 
system A. Also, the differences in manipulated variable behavior from system A 
increase with increases in the interaction terms. For cases reported in the table, 
the manipulations for systems B and C are greater than those for system A, but 
for other specified CV changes, systems B and C could be smaller than system 
A. The following points summarize the major differences in steady-state behavior 
between single-loop and multivariable systems. 


1. The values of the manipulated variables that satisfy the desired controlled vari¬ 
ables must be determined simultaneously. 

2. Differences between single-variable and multivariable behavior increase as the 
transmission (two-way) interaction increases. 



Before we conclude this section, two examples of process gain matrices are con¬ 
sidered. These examples demonstrate that the behavior shown in Table 20.1 occurs 
in realistic chemical processes. 

EXAMPLE 20.6. 

The first is the blending system shown in Figure 20.2, where the product flow and 
composition are controlled by adjusting the flows of the two component streams. 
The gains are determined from the linearized model in equations (20.6) and (20.7). 
The base conditions are taken to be 


F| = 95.0 kg/min F 2 = 5.0 kg/min 
A\ = 0.05 wt fraction A F 3 = 100 kg/min 


( 20 . 22 ) 


The gain matrix and its inverse for these conditions are 

Ul_r-0.0005 0.0095] [F,] , _ T — 100 0.95] 

[f 3 J“L 1.0 1.0 J[f 2 J — [ 100 °- 05 J 


(20.23) 


The gain and inverse matrices have one element that is nearly zero. Thus, the 
system is likely to behave similar to system E in Table 20.1. As a result, this system 



is not expected to experience very strong departures from the single-variable 
behavior in manipulated-variable adjustment magnitudes. 




EXAMPLE 20.7. 

The second example is the binary distillation tower in Figure 20.3, where the prod¬ 
uct compositions are controlled by adjusting the reflux and reboiler flows. The 
steady-state gains can be taken from the transfer function matrix in equations 
(20.8) and (20.9). 


_ ' 0 . 


0747 -0.0667 
1173 -0.1253 


[81.58 -43.42] 
” [76.36 -48.63 J 


(20.24) 








The distillation tower appears highly interactive in the two-way manner similar to 
systems B and C. To complete this distillation example, steady-state changes in 
manipulated variables are calculated for single-loop and multivariable control. In 
both cases, the bottoms mole fraction of light key is to be decreased by 0.01. In 
the first case, only the bottoms mole fraction is specified and the distillate mole 
fraction is not controlled. This is single-loop control, and the necessary change in 
vaporization is 

Single-loop: A F v = = 0.0798 kmole/min 

Kxb,v — 0.1253 

Since the bottoms composition is not controlled, A F R = 0 and AX D £ 0. In the 
alternative multivariable case, the distillate mole fraction is maintained unchanged 
(AX D = 0), while the bottoms composition is changed by -0.01. 


Multivariable: 


' AFr 

[81.53 

-43.42' 

0 1 

[0.4343' 

A F v _ 

[76.36 

-48.63 _ 

—°.°1 J 5 

= 0.4863 _ 


The results demonstrate that the change in the vaporization in the reboiler 
was much larger in magnitude for the multivariable system (0.4863 compared with 
0.0798 kmole/min), and in addition, a large change in reflux was required. Clearly, 
the interaction has strongly affected the steady-state behavior of the system. 
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In conclusion, interaction can strongly influence the steady-state and dynamic 
behavior of multivariable systems. There exists a range of interaction from com¬ 
pletely independent through nearly dependent (i.e., nearly singular), with this in¬ 
teraction dependent on the process characteristics, not on control. In general, the 
closer the system approaches singularity (system D in Table 20.1), the more its 
behavior differs from that of independent loops. The final two process examples 
demonstrated that real processes can have interaction similar to the range of ex¬ 
amples in Table 20.1. In the next section, a quantitative measure of interaction is 
introduced. 

20.5 □ PROCESS INTERACTION: THE RELATIVE GAIN 
ARRAY (RGA) 

As shown in the previous section, process interaction is an important factor influ¬ 
encing the behavior of multivariable systems. A quantitative measure of interaction 
is needed to proceed with a multiloop analysis method, and the relative gain ar¬ 
ray, which has proved useful in control system analysis, is introduced to meet 
this need. The relative gain array was developed by Bristol (1966) and extended 
by many engineers, most notably Shinskey (1988) and McAvoy (1983b). In this 
section, the relative gain is defined, special properties and methods for calculation 
are given, and interpretations for control analysis are presented. The relative gain 
array (RGA) is a matrix composed of elements defined as ratios of open-loop to 
closed-loop gains as expressed by the following equation, which relates the jth 
input and the ith output. 

/ 8CV, \ /3CY \ 

\dM\j J m k¥=j \9MV;/other loops open 

-7ac\K- 

\9 MV//cv t =const.jt// \BMVj) other loops c | ose d 


(20.25) 
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Consistent with prior terminology, the open-loop gain (*, 7 ) is the change in 
output i for a change in input j with all other inputs constant (for stable processes). 
By closed-loop gain we mean the steady-state relationship between MV', and CV- 
with all other control loops closed (i.e., in automatic). In this definition, it is 
assumed that the controllers have an integral mode so that the steady-state values 
of the controlled variables are maintained constant (i.e., CV' k = 0 for those under 
feedback control). If the relative gain is 1.0, the process gain is unaffected by 
the other control loops and no (transmission) interaction exists. Thus, the amount 
that the relative gain deviates from 1.0 indicates, in some sense, the “extent” of 
transmission interaction in a quantitative manner. 

Before control-relevant interpretations of the relative gain are developed, some 
important properties must be noted: 

1. The relative gain is scale-independent. This is important because rules for 
interpretation do not change when the units of a variable change (e.g., from 
percent to parts per million). 

2. The expression in equation (20.25) suggests that both open- and closed-loop 
data is required to determine the relative gain. However, the relative gain can 
be calculated from the open-loop data alone, which can be demonstrated by 
rearranging equation (20.25) to give 

8 CV,- \ / 9 MV) 

aM Y /) MV*=const,*#j V«cv, 

The procedure for calculating the relative gain array is to evaluate the open- 
loop gain matrix K; calculate its inverse transposed (K -1 ) T ; and multiply 
them in an element-by-element manner. This type of matrix multiplication 
is referred to as the Hadamard product (McAvoy, 1983b). The following 
expression gives the result for each element in the relative gain array, with 
Kij being the elements in the gain matrix and KI,y being the elements of the 
inverse of the gain matrix, 



) 


(20.26) 


CV*=const,*^/ 


kij = KijKlji (20.27) 

For a 2 x 2 system, the (1,1) element of the relative gain array can be shown 
to be 


*•11 


1 


1 . 0 - 


* 12*21 

*11*22 


(20.28) 


3. The rows and columns of the relative gain array sum to 1.0. This property 
enables 2 x 2 systems to be characterized by the Xu element, as follows: 


MV, MV 2 

CV, X,, 1-X,, ( 20 - 29 ) 

CV 2 1 — X,, X,, 

4. The relative gain calculation can be very sensitive to errors in the gain calcu¬ 
lation. As an example, consider the following relative gain for a 2 x 2 process, 
and assume that each process gain can be in error by a factor which is 1.0 



for no error. 
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x " “ ~ gjaggjjjg (20 - 30) 

(Kx\*\\)(K 22 z 22 ) 

When the relative gain element has a large magnitude, the relative gain can take 
widely varying values and can even change sign for small errors in individual 
process gains, as shown by the following example cases. In this example, the 
actual values for the gains are ATj 1 = K 22 = 1.0 and K \ 2 = K 2 \ = 0.949, 
and the erroneous relative gain is shown for a few example sets of gain errors. 


Process Interaction: 
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Itue A. 11 

*1! 

*12 

*21 

*22 

Xu calculated with model errors 

10 

1.0 

1.0 

1.0 

1.0 

10.0 

No error 

10 

1.0 

1.1 

1.0 

1.0 

100.0 


10 

1.0 

1.2 

1.0 

1.0 

-16.6 


10 

0.97 

1.03 

1.03 

0.97 

'Wmmmmm 

Only 3% errors 


Since the sign of the relative gain is of great importance in control design 
decisions, the sensitivity to model errors demonstrated as the foregoing property 4 
must be considered, to prevent incorrect results. Thus, great accuracy is required in 
the process gains used for calculating the relative gain. Probably the best method 
is to derive an analytical model and evaluate the process gains from analytical 
derivatives. This can be done for the blending example using the linearized model 
and the foregoing property 2: 


[Ay] = 


~ Fx 
F\ + F 2 


Ft. 

- F\ + F 2 


Ft. ~ 
F\ + F 2 
F\ 

F\ + F 2 - 


(20.31) 


However, few complex industrial processes can be accurately modelled by sets 
of equations small enough to be conveniently manipulated analytically by hand, 
although advances in algebraic processing by computers could change this situation 
in the future. Thus, numerical differentiation using steady-state process simulators 
is a common approach to evaluating process gains. In this procedure, a separate 
simulation is performed at the base case and at a case with each input MV, changed 
a small amount from the base case. The process gains are calculated using the 
equation below, and the relative gain array is determined from equation (20.27): 


Kij « 


CVj(MV|, MV 2 ,..., MV; + AMV,-,. 


..)-CV/(MV,,MV 2 ,...) 


A MV; 


(20.32) 


Special care is required when using this method because of the accuracy re¬ 
quired for the relative gain. When numerical differentiation is used, two potential 
causes of errors are introduced: the convergence tolerances in solving the equa¬ 
tions and the use of approximate rather than exact derivatives. As demonstrated by 
McAvoy (1983b), the convergence tolerances and AMVs used in equation (20.32) 
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in calculating the approximate gain must be reduced until the estimated process 
gains are not significantly influenced by further reductions in their values. The 
conclusion of this analysis can be stated as follows: 


The gains K t j used for calculating the relative gains must be accurate; the use of 
gains from linearized fundamental models is recommended. Given the typical errors 
in empirical model identification, the use of empirically determined process gains 
using methods in Chapter 6 is not recommended for calculating relative gains. 


Some very useful control-related interpretations based on the RGA are summarized 
as follows and will be used in a hierarchical analysis procedure in the next chapter. 


A.,v < 0 


kjj — 0 


0 < Xij < 1 


hj = 1 


k,j > 1 

Xjj = oo 


In this case, the open- and closed-loop process gains are of dif¬ 
ferent signs. In a 2 x 2 process, if the single-loop (CV, — MV,) 
controller gain were positive for stable feedback control, the same 
controller gain would have to be negative for stable multiloop feed¬ 
back control. Thus, the sign of the controller gain to retain stability 
would depend on the mode of other controllers in the multiloop 
system—not a desirable situation. 

One situation in which the relative gain is zero occurs when the 
open-loop process gain (ACV//AMV; with the other loops open) 
is zero, which indicates no steady-state relationship between the 
input and output variables. Thus, the controller with this pairing 
can function, if at all, only when other controllers are in automatic. 
Again, this is not generally a desirable situation but is acceptable 
in special circumstances, as explained in the next chapter. 

From equation (20.25), the steady-state loop process gain with the 
other loops closed [e.g., equation (20.13)] is larger than the same 
process gain with the other loops open. 

In this situation, there is no transmission interaction, in the sense 
that the product of is zero, but either one of the terms may 

be nonzero. Thus, a change in MV; (s) is transmitted to CV/ ( 5 ) only 
through Gjj ( s ). Note that this does not preclude the possibility that 
the manipulated variable might affect another controlled variable 
(i.e., one-way interaction). 

From equation (20.25), the steady-state loop process gain with the 
other loops closed [e.g., equation (20.13)] is smaller than the same 
process gain with the other loops open. 

When the process gain is zero with the other loops closed, it is not 
possible to control the variable in a multiloop system. 


As examples, the relative gains for all cases in Table 20.1 and the two process 
examples are reported here. (Note that the model for the distillation tower was 
developed from very small perturbations in the nonlinear model without noise; 
the probability of obtaining an accurate relative gain value from empirical model 
fitting is quite small.) 
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System Relative gain, ^•n 


A 1.0 

B 2.29 

C 5.26 

D oo 

E 1.0 


Blending X Al _ F2 = 0.95 

Distillation X xd-fr = 6.09 


Operating conditions in equation (20.22) 
Operating conditions in Figure 20.3 
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These values are consistent with the previous, qualitative evaluations of in¬ 
teraction in that systems with relative gain deviating most from 1.0 deviate most 
from single-loop behavior. Note that system E with only one-way interaction has 
Xu = 1.0; in general, the relative gain array is the identity matrix for systems 
with a steady-state gain matrix that is lower (or upper) diagonal [i.e., with nonzero 
entries only on and below (or above) the diagonal]. 

Finally, the relative gain can be related directly to the closed-loop transfer 
function of a 2 x 2 system. To do this, the definition of relative gain has been 
extended by Witcher and McAvoy (1977) to include frequency-dependent terms 
by replacing the steady-state gains with the corresponding transfer functions. Thus, 
the frequency-dependent relative gain is 

*" w ~ GiJqc^w (20 - 33) 

G|i(^)G 2 2(^) 

This expression can be used, by setting s = ja>, to evaluate the magnitude of the 
relative gain elements at various frequencies. 

Using the foregoing expression, the characteristic expression (20.17) can be 
rewritten as 


CE (s) = 1 + G c i(j)Gii(s) + G t . 2 (s)G 22 (^) + 


G : ci(s)G C 2(5)Gn(y)G22(^) 


Xu(s) 


(20.34) 


This analysis demonstrates the fundamental nature of the relative gain and the 
close relationship between the relative gain and system stability for 2 x 2 systems. 
A summary of the key results for the relative gain array follows: 


1. The deviation from single-loop behavior, specifically the transmission interac¬ 
tion, is related to the difference of the relative gain element from the value of 
1 . 0 . 

2. The condition of A, y < 0 results in multiloop systems that, to maintain accept¬ 
able performance, must alter the (CV,- — MV)) controller gain or automatic 
status, depending on the status of other controllers. 

3. A direct relationship between frequency-dependent relative gain and control 
system stability has been demonstrated for 2 x 2 systems. 



638 


20.6 H EFFECT OF INTERACTION ON STABILITY 
AND TUNING OF MULTILOOP CONTROL SYSTEMS 


CHAPTER 20 
Multiloop Control: 
Effects of Interaction 


The final major topic in this chapter is controller tuning. Analysis of the closed- 
loop transfer function demonstrates that interaction influences the characteristic 
equation and, therefore, stability; thus, controller tuning must consider interaction 
as well as the single-loop feedback process dynamics. The following example 
provides further insight into the effect of interaction on stability and tuning. 


EXAMPLE 20.8. 

A dynamic system with the following model is to be controlled by two PI controllers. 
The input-output pairings are 1-1 and 2-2 as shown in Figure 20.8. Determine the 
allowable range of tuning constants that yield a stable system. 



r 1.0e IOj 

0.75<r IOj -| 


rev. c*n 

1 -1-25 

1 +2s 

r mv, ( 5)] 

LCV 2 (s)J 

0.75e -1Os 

1.0e -l0s 

|_MV 2 (5)J 


1 -H 2s 

1+25 -1 



(20.35) 


The example system has transmission interaction, because both off-diagonal 
elements are nonzero; thus, it would not be correct to tune each controller inde¬ 
pendently. The stability limit is determined by the characteristic expression, given 
in equation (20.17). Finding the limiting values of the tuning constants would be an 
arduous task because all four controller tuning constants (£ c , . 7/i, K C 2 , and 7)2) 
appear in the characteristic equation and, therefore, all affect stability simultane¬ 
ously. To simplify the calculations and allow graphical presentation of the results, 
the integral times of the controllers will be held constant at 3.0 min, which are rea¬ 
sonable values, being the sum of the dead time and time constant of each transfer 
function. Note that this selection will not necessarily yield the best performance, 
but it is a reasonable choice for this example calculation. 

With the integral times fixed, the characteristic equation has two remaining 
tuning parameters, the controller gains. 


CE(*) = 1 + GqlCs) 


(20.36) 


where 




-I.Oj ' 


l+2s 


Oe -10s 1 .Oe“ 10s 0.75<r IOj 0.75e~‘ 0s ' 


+ 25 1+25 


1 + 2s 1 + 2s 


To calculate the stability region, one gain (e.g., K c2 ) was given a value, and 
the Bode stability analysis was performed to determine the ultimate value of AT C| 
that defines the stability limit. These calculations involve extensive manipulations 
of complex numbers and were therefore performed using a computer program. 
The results of the calculations are displayed in Figure 20.9. If there had been no 
interaction, the stability region would have encompassed the entire box defined by 
values of the controller gains of (0,0) and (3.76,3.76) shown in the figure, because 
the tuning of one controller would not have influenced the tuning of the other. As 
can be seen, the interactions in this example reduced the allowable values for the 
controller gains. 




FIGURE 20.9 


Map of stable and unstable controller gain regions for 
Example 20.8 with T n = T n — 3.0. 
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TABLE 20.2 


Summary of example tuning for 2 x 2 system 


Case 

K cl 

Tn 

K c i 

T n 

lAEi 

iae 2 

IAE] + IAE 2 

Figure 20.10a 

0.95 

3.0 

0.95 

3.0 

7.22 

5.41 

12.63 

Figure 20.10b 

1.40 

3.0 

0.50 

3.0 

4.90 

10.3 

15.2 

Figure 20.10c 

0.50 

3.0 

1.40 

3.0 

13.7 

3.67 

17.37 

Figure 20.11 

1.23 

1.76 

0.89 

1.06 

3.46 




EXAMPLE 20.9. 

Although all tuning within the defined region yields a stable system, the control 
performance is different for various tunings chosen from within the stable region. 
To investigate by example the effect of tuning on performance, three sets of tuning 
constants were chosen for the system in Example 20.8 from within the stable area 
shown in Figure 20.9. The tuning was selected to have a reasonable gain margin 
(i.e., margin from the stability boundary). The simulation results for multiloop PI 
controllers responding to a CV| set point change of 1.0 for three different tuning 
constants are given in Figure 20.10a through c and tabulated in Table 20.2. Figure 
20.10a gives equal weight to both controlled variables. Figure 20.10/b gives more 
importance to controlled variable 1, whereas Figure 20.10c gives more importance 
to controlled variable 2. These results demonstrate that controller tuning influences 
multiloop system performance, so tuning can be used as a method for adapting 
system performance to conform to specific priorities in the importance of controlled 
variables. This result will be exploited in the next chapter. 




Time Time 

(b) 

FIGURE 20.10 

Multiloop control: (a) with the same gains for both controllers; ( b) with loop 1 
gain higher. 
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Multiloop control (c) with loop 2 gain higher. 
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Since tuning influences performance, the engineer should be able to use this 
flexibility to obtain good control system performance. Three approaches are typi¬ 
cally used for tuning multiloop systems, and each is described here. 

Trial and Error 

Although potentially tedious, a trial-and-error method is often used in practice. 
Initial tuning constant values are typically the single-loop values altered for sta¬ 
bility, perhaps with the gains reduced by a factor of 2 or more. These initial values 
are adjusted through fine tuning, as described in Chapter 9, with trials performed 
on a simulation or directly on the process. The final tuning must be conservative 
(i.e., not too close to the stability margin) to account for changes in process op¬ 
erating conditions that would occur after the trial-and-error procedure has been 
completed. Naturally, the success of this approach depends on the expertise of the 
engineer, but the approach can reach reasonable results quickly when transmission 
interaction is not too strong. 

Optimization 

An optimization approach, similar to the approach described in Chapter 9 that 
optimized a simulated transient response, can be implemented to automate the 
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trial-and-error procedure. This approach would require a computer optimization 
of the simulated transient response to obtain good initial values for each control 
system (Edgar and Himmelblau, 1988). Optimization is justified when process 
interaction is strong and the trial-and-error method would be time-consuming or 
result in severe process disturbances. 

As an example, the tuning for the control system considered in Example 20.9 
was optimized for a unit step change in controlled variable 1, assuming equal 
importance of the two controlled variables and no other objectives; therefore, the 
objective was to minimize the total integral of absolute value of errors (IAEi + 
IAE 2 ). The tuning and transient response are given in Figure 20.11 and included 
in Table 20.2. The optimization method yielded initial estimates with little engi¬ 
neering effort and modest computing resources. The reader is cautioned that the 
results in Figure 20.11 are not satisfactory, because of the lack of robustness and 
the very aggressive manipulated variable adjustments; a more complete definition 
of control performance, including these factors, should be used. However, it does 
provide a useful bound for the lowest IAE that can be attained with PI control. 


Approximate, Noniterative Approach 

A few methods have been proposed for estimating the tuning for multiloop systems 
without the time-consuming iterations associated with trial and error or the com¬ 
puter computations associated with the optimization approach. The goal of these 
methods is to provide initial tuning constants that are much closer than single-loop 
tuning constants to the “best” multiloop values. Naturally, fine tuning based on 




FIGURE 20.11 




Multiloop control with PI tuning that minimizes IAE (tuning is too aggressive). 





plant experience is still required. Unfortunately, there is no generally accepted 
method for quickly estimating multiloop tuning. The method explained here is se¬ 
lected because it provides insight and introduces some key process-related issues. 
It also provides a useful correlation for many 2x2 systems; however, it is not 
easily extended to higher-order systems. 

The method takes advantage of simplifications to determine the tuning for 
three cases of limiting process dynamics for 2 x 2 systems with PI multiloop 
controllers (McAvoy, 1983a, and Marino-Galarraga et al., 1987). In all of these 
cases, the relative importances of the controlled variables are considered equal; 
this is the most demanding case for tuning, but other situations are considered in 
the next chapter as we tailor the performance to control objectives. The general 
approach is to establish how much the PI controller tuning must be changed from 
single-loop values when applied in a multiloop system. 

The basis of the analysis is the closed-loop characteristic expression (20.34) 
divided by 1 + G c2 (s)G 22 (s), which does not change the stability limit: 

CE(s) = I + C„(,)C„(,)[ 1 (20.37) 

L 1 + G c2 (s)G 2 2(s) j 

As demonstrated in Chapter 10, the closed-loop characteristic expression given by 
equation (20.37) determines the stability of the control system. To evaluate poten¬ 
tial simplifications, the relative importance of each term must be determined at the 
critical frequency of the loop. Since the approach is based on stability analysis, 
which considers only the denominator of the closed-loop transfer function, the 
same tuning is obtained for all disturbances and set point changes. The method 
considers three limiting cases for tuning loop 1: loop 1 much faster than loop 2; 
loop 1 much slower; and both loops having the same dynamics. (The following 
analysis considers loop 1, but the same results can be obtained for loop 2 by simply 
transposing the subscripts.) 


LOOP 1 MUCH FASTER THAN LOOP 2. When the loop 1 process is much 
faster than loop 2, the term G c2 {ju>)G 22 (ja>) is very small at the loop 1 critical fre¬ 
quency because of the tendency of processes to have amplitude ratios that decrease 
rapidly after the comer frequency (for example, see Figure 10.1 3b). Assuming that 
A. ii is not a strong function of frequency, as is most often true, 


1 + G c2 (j co)G 22 (j a>) / X\\ 
1 + G c2 {j(o)G 22 {j(jj) 


1.0 


(20.38) 


which gives 


CE(» * 1 + G c djoj)G u (jco) (20.39) 


Therefore, the very fast loop 1 in this case can be tuned like a single-loop controller 
without interaction. 
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This result confirms a qualitative argument in which we would consider the inter¬ 
action from the slow loop to be a slow disturbance to the very fast loop 1, which 
could be tuned using single-loop methods. 
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LOOP 1 MUCH SLOWER THAN LOOP 2. When loop 1 is much slower, 
the term for the fast controller, G c2 (jco), would have a very large magnitude at 
the critical frequency of loop 1, because the amplitude ratio of the integral mode 
in G c2 (jw) will have a very high value at a frequency much less than the loop 2 
critical frequency (see Figure 10.13/). Therefore, |G C 20'<u)| » 1.0, which leads 
to the following simplification in the characteristic equation: 

CE(» * 1 + G cl 0)G„O) [ 

L G c2 {j(D)G 2 2{joo) J 

ceo) »i + GciO- ^l * 1 + c«iO) 0| ; 0fl>) (20.41) 

*uO®) An 

As noted, the steady-state relative gain has been used as an approximation 
for the frequency-dependent relative gain. In this case, the gain of the process 
“seen” by the controller 1 in the multiloop system is changed by 1/A| t from the 
single-loop gain (A'n). Therefore, 


The slow controller gain can be modified to be the product of the relative gain and the 
single-loop tuning, K c ml — (A.u)(AT c s£), to maintain the desired stability margin. 
Since the phase lag is not affected, the integral time can retain its single-loop value. 


Again, this result seems consistent with a qualitative argument that a very fast 
associated loop would “become part of the process” and affect only the closed- 
loop process gain. 

The tuning result for the slow loop has a potential flaw. When the relative 
gain has a value much different from 1.0, the controller gains for the single-loop 
and multiloop situations have very different values. Thus, the correct value for the 
controller gain depends whether an interacting controller is in automatic or manual! 
To ensure that the stability of the slow loop does not depend on the status of the 
interacting loop, the slow loop’s controller gain is often limited by its single-loop 
value, K c ml < KcSl- If this limit is significantly exceeded, a real-time computer 
program could be implemented to monitor the status of the interacting loop and 
adjust the controller gain of the slow loop accordingly. 


LOOPS 1 AND 2 HAVE THE SAME DYNAMICS. The entire closed-loop 
characteristic equation (20.34), as follows, must be considered. 

CEOr) » 1 + 2A (s) + 4-^ (20.42) 

All 

with A(s) = G C |(s)Gii(s) = G C 2 (s) G 22 (s), because the loop dynamics are equal. 

With the simplification that all transfer functions in the process, Gjj(s), have 
similar dynamics, the effects of interaction on tuning are completely represented 
by the relative gain, and the results can be condensed into detuning correlations 
in Figure 20.12a and b (Marino-Galarraga et al., 1987). These figures show how 
single-loop tuning must be altered for 2 x 2 multiloop control when all input-output 
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(b) 


FIGURE 20.12 

Relationship between single-loop (SL) and multiloop (ML) PI controller 
tuning when both loops have similar dynamics. 


dynamics are similar. The controller gain is reduced by about a factor of 2.0 as 
the relative gain changes from 1.0. Also, the integral time increases by a factor of 
about 2.0 as the relative gain decreases to 0.5. 

Two important conclusions for systems with similar dynamics become appar¬ 
ent from this plot: 

1. The multiloop controllers must be detuned from their single-loop tuning over 
the entire range of relative gain. 

2. The change in tuning constants is not very large. 

Thus, interaction results in controller detuning, which slows feedback action for 
most 2x2 multiloop systems. The tuning results for 2 x 2 PI control presented in 
this section are summarized in Table 20.3. 

Note that these results are appropriate for systems that satisfy the assump¬ 
tions employed. At the current time, there is no approximate method for the gen¬ 
eral case with very different dynamics of all paths, Gjj(s). The trial-and-error or 
optimization-based methods must be used in these cases. Also, the importances 
of the controlled variables have been assumed to be relatively equal; the case for 
unequal importances is covered in the next chapter. The next two examples apply 
the tuning approach to realistic processes. 
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Summary of example tuning for 2 x 2 system 
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Loop 1 much faster 

1 -1 - G C |(j)Gii(.s) 

Loop 1 stability is not 
strongly affected by 
interaction; use single-loop 
tuning 

Loop 1 much slower* 

1 4* G c i(s)Gii(s)/A.h 

Loop 1 stablility is 
affected by the change in 
close-loop process gain; 
multiply single-loop 
controller gain by An 

Both loops with 
equal dynamics 

1 + 2A(s) + A(j) 2 /A|| 
with A (s) = G c i(s)Gu(s) = G c2 (s)G 22 (s) 

Loop 1 stability is affected 
by changes in gain and 
phase; use Figure 20.12 

*This approach will lead to a very large controller gain for large A. If the interacting controller is switched to 
manual, loop 1 could become unstable. Thus, the additional limit (F C ) ML < (F c )sl is often applied to 
ensure stability for both single- and multiloop systems. 


Situation Characteristic expression Interaction effect 

General 1 + G c1 Cs)Gh(j) + G c2 (s)G 22 (s) Transmission interaction 

+G c1 (s)Gii($)G c2 (j)G 22 (s)Aii(s) affects stability 



EXAMPLE 20.10. 

Determine initial tuning constants for multiloop PI controllers applied to the blend¬ 
ing system operating at the conditions given in equations (20.22), 5% A in the 
product, and the following sensor dynamics: 



Dead time 

Time constant 

Flow 

1 

2 sec 

Concentration 

15 

30 sec 


Consider first the A|-F 2 and F 3 -F 1 controlled-manipulated variable pairing. 
The basis for the tuning values is the linear transfer function models in equations 
(20.6) and (20.7) with gain values from equation (20.23), and any single-loop tuning 
method could be used. The dynamics above indicate that this case fits the situation 
having one fast and one slow loop. Referring to Table 20.3, and noting that An = 
A .22 = 0.95 * 1.0, both the fast and slow loops can be tuned very close to their 
single-loop values. The tuning results using the Ciancone single-loop correlations 
are summarized in Table 20.4. 

A transient response of this system, simulated using the linearized equations, 
for a set point change of 0.01 in the mixed concentration, is given in Figure 20.13. 
This is a reasonably well-behaved response, which could be fine-tuned as needed. 
An important result of this analysis is that the tuning for this loop pairing does not 



TABLE 20.4 

Timing for the blending system with dilute product (jc ot = 0.05, X 

= 0.95) 
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a,-f 2 

controller 

F 3 -Ft controller 

on Stability and 


(slow loop) 

(fast loop) 

lining of Multiloop 

Tkining term 

Single-loop 

Multiloop 

Single-loop 

Multiloop 

Control Systems 

Process gain 

K u =0.0095 

ffnAti = 0 - 01 

K 22 = 1.0 

*22 = 1-0 


0/{0 + T) 

0.333 

0.333 

0.333 

0.333 


K C K P 

1.0 

1.0 

1.0 

1.0 


T,/(e + t) 

0.85 

0.85 

0.85 

0.85 


K c (kg/min/wt fraction) 

105.0 

100.0 

1.0 

1.0 


T t (sec) 

38.0 

38.0 

2.6 

2.6 





Set point response for multiloop blending system in Example 20.10. 


change significantly from single-loop to multiloop; in other words, the tuning of the 
controllers does not depend on the control status (automatic/manual) of the other 
controller. This is a good situation. 

Now consider the alternative loop pairing, A|-F| and F 3 -F 2 . Again, the system 
consists of a fast and slow loop, so that the same approach can be used. How¬ 
ever, in this system, the relative gain has a value far from unity, Xu = k 22 = 0.05. 
Therefore, the response of the slow loop (A|-F|), which has an effective process 
gain of JCuAii. is significantly altered by interaction. The results, using the rec¬ 
ommendations in Table 20.3 and the Ciancone single-loop tuning correlations, are 
summarized in Table 20.5. 




648 

CHAPTER 20 
Multiloop Control: 
Effects of Interaction 


TABLE 20.5 

Tuning for the blending system with dilute product (x m = 0.05, X = 0.05) 


Tuning term 

Ai-F] pairing 
(slow loop) 

Single-loop Multiloop 

F 3 -F 2 pairing 
(fast loop) 

Single-loop Multiloop 

Process gain 

a:,, = -o.ooo5 

K \\/ k \\ = -0.01 

II 

0 

k 22 = 1.0 

9/(6 + t) 

0.333 

0.333 

0.333 

0.333 

K C K P 

1.0 

1.0 

1.0 

1.0 

T,/(9 + r) 

0.85 

0.85 

0.85 

0.85 

K c (kg/min/wt fraction) 

-2000.0 

-100.0 

1.0 

1.0 

7/ (sec) 

38.0 

38.0 

2.6 



The transient response of the multiloop system with the multiloop tuning given 
in Table 20.5 is essentially the same as that for the previous pairing and is not 
shown. However, the single-loop and multiloop tunings are very different in Table 
20.5, because the relative gain is much different from 1.0. If both loops are in 
automatic, the A, controller gain must be the (small) multiloop value given in the 
table. When the F 3 controller is in manual, the effective process gain for the A, 
controller changes to its single-loop value (which is lower by a factor of about 20). 

A summary of the implications of the multiloop system in Table 20.5 follows: 


Timing of A x 

Single-loop (A t ) system 

Multiloop system 

Single-loop 
(K c = -2000) 

Good performance 

Unstable system 

Multiloop 
(K c = -100) 

Poor performance 
(very slow) 

Good performance 



Thus, the controller tuning in Table 20.5 must be matched to the status of 
the controllers—a situation to be avoided if possible. This complexity in updating 
tuning online suggests that the pairing in Table 20.4, which can have the same 
tuning for any combination of loop statuses (since X 1.0), is a much better 
choice. 


EXAMPLE 20.11. 

Determine initial tuning constants for the distillation tower with the pressure and 
level controller pairings given in Figure 20.3, resulting in the model in equations 
(20.8) and (20.9). Evaluate the dynamic behavior for a step change in the feed 
light key of -0.04 mole fraction light key. 

This process has similar dynamics for both loops, so that the summary in 
Table 20.3 recommends the tuning correlations in Figure 20.12. The large value 








TABLE 20.6 

Timing analysis for distillation control system 
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TUning term 

(X = 6.09) 

Xd-Fr controller 

X b -F v controller 

Single-loop 

Multiloop 

Single-loop 

Multiloop 

Process gain 

0.0747 


K 22 = -0.1253 


6/(6 + r) 

0.20 


0.16 


K C K P 

1.55 


1.7 


T,/(6 + r) 

0.60 


0.50 


K c 

20.75 

Kcsl/2 = 10.4 

-13.6 

K c si/2 = -6.8 



9.0 

mm 
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FIGURE 20.14 

Example disturbance response for multiloop distillation in Example 20.11. 


of the relative gain (6.09) indicates that the controller gains must be reduced by 
a factor of 2.0 from their single-loop values, and the integral times can remain 
unchanged. The results from applying this approach are given in Table 20.6, and 
a dynamic response of the multiloop system, using the multiloop tuning from the 
table, is shown in Figure 20.14. The response is well behaved, because the con¬ 
trolled variables return to their set points reasonably quickly and the manipulated 
variables experience moderate adjustments. Thus, the correlations provide ac¬ 
ceptable initial tuning, which can be tailored to specific objectives through fine 
tuning. 
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The material on interaction in this chapter is only introductory, and a coverage of 
much more material would be required for a mastery of the topic. Some of the key 
additional topics are reviewed briefly in this section. 

Modelling 

Models for multivariable control should be developed with their ultimate use 
in mind. Recent results on model consistency (Skogestad, 1991; Haggblom and 
Waller, 1988) give useful relationships that can be used to verify that linearized 
models observe fundamental properties of the nonlinear system. Also, new exper¬ 
imental designs (Kwong and MacGregor, 1994) could be of use in obtaining better 
empirical estimates of process gains, but even with these careful experimental steps 
the use of empirical models for calculating relative gains with large magnitudes is 
problematical. 

Interaction Measures 

The important features of systems with transmission interaction discussed in Sec¬ 
tion 20.3 can be developed through singular-value analysis for systems of arbi¬ 
trary size and dynamics. The relevant matrix, here the process gain matrix K, 
can be decomposed into three matrices, which can be used to determine the di¬ 
rections in the CVs that cause the manipulated variables to change the “most” 
and the “least” (as measured by the root sum of squares of the changes in the 
MVs). Also, the ratio of the largest to the smallest changes in these two direc¬ 
tions can be determined and is called the condition number. Clearly, the larger 
the condition number, the more interaction affects the multiloop system. Also, 
the condition number indicates the sensitivity of the calculation to model errors. 
The basic mathematics of this analysis is presented in Ortega (1987), and con¬ 
trol applications are given in Barton et al. (1991) and Arkun (1984). The rela¬ 
tionship between the relative gain and condition number is given by McAvoy 
(19836) and Grosdidier et al. (1985). An alternative measure of interaction has 
been proposed by Grosdidier and Morari (1987). Finally, the controllability and 
relative gain calculations can be extended to systems with pure integration, such 
as liquid levels, by replacing the derivative of the variable ( dL/dt ) with a sur¬ 
rogate variable $ and proceeding with the standard method thereafter (McAvoy, 
19836). 

Frequency-Dependent Measures 

The material in this chapter on controllability and interaction relied principally on 
steady-state measures. The definition of controllability used here involves steady- 
state behavior. An alternative frequency-dependent definition involves the ability 
to influence the dynamic trajectory of the output variables and requires that det 
G(s) 0 (Rosenbrock, 1974). Since this book deals mainly with continuous pro¬ 
cesses operated at specified steady-state conditions, the definition of controllability 
used here involves steady-state (a) = 0) controllability. 



In addition, the effects of interaction should be evaluated near the critical 
frequencies of the control loops. Frequency-dependent interaction is discussed by 
McAvoy (1981). 

Tuning 

Another approach to tuning multiloop PID controllers that seems to have met 
with success is presented by Monica et al. (1988). This method can be extended 
to higher-order systems with frequency response calculations. The definition of 
modelling errors to be considered in tuning multivariable systems is much more 
difficult, because errors in the individual transfer functions and parameters within 
an individual transfer function are not independent. 


20.8 s CONCLUSIONS 


Multiloop process control systems have been introduced, and the important con¬ 
cept of process interaction defined. Standard modelling methods can be used to 
represent the input-output behavior of the process without control. Interaction— 
one input affecting more than one output—is seen to influence the behavior of 
multivariable systems. Using the convention that the single-loop controllers are 
paired on the 1-1 and 2-2 elements in a two-variable process, interaction occurs 
when at least one of the interacting terms, G\ 2 (s) or G 21 (s), is nonzero. The pro¬ 
cess model can be employed to determine a useful measure of interaction: the 
relative gain array. 

Requirements of controllability and values for relative gain are really exten¬ 
sions of conditions that are required for good single-loop feedback control, as 
summarized in the following table. 


Required 

condition 

Single-loop system 

Multiple-loop system 

Controllability 

A causal relationship 

exists between the manipulated 

and controlled variables, K p ^ 0 

n independent, causal 
relationships exist between 
the manipulated and controlled 
variables, det K # 0. 


Since the requirements are less obvious in multiloop systems, the rigorous math¬ 
ematical tests are provided. 

Transmission interaction—the additional connection path between an input 
and output through an interacting controller—occurs when both interacting terms 
in a 2 x 2 system are nonzero. Transmission interaction can strongly affect the be¬ 
havior of a multivariable system. First, depending on the directions of the desired 
changes in controlled variables, it can substantially influence the adjustments re¬ 
quired in the manipulated variables. Second, it can influence the system’s stability 
and proper controller tuning. 
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Some of the results introduced in this chapter are general for all multiloop 
systems of any order (n x n), while some are restricted to two-variable (2 x 2) 
systems. The following summary is provided to help the reader. 


nxn systems 

2x2 systems only 

Modelling 

Controllability 

Relative gain array definition, 
equation (20.25) 

Relative gain calculation, 
equation (20.27) 
Interpretations of relative 
gain in Section 20.5 

Closed-loop transfer function, 
equations (20.14) to (20.17) 
Relationship between RGA and 
stability, equation (20.34) 

PI tuning, Section 20.5 


Finally, an important interpretation concerning control performance can be 
reached from these tuning results by considering a system having similar dynamics 
and a relative gain much larger than 1.0. (Many important processes have large 
relative gains.) In this system, the multiloop process gain is smaller than the single¬ 
loop process gain by a factor of about 1 /X, as shown in equation (20.25). However, 
stability and tuning analysis indicated that the controller gain in the multiloop 
system must be reduced from its single-loop value, as shown in Figure 20.12! As a 
result, the reduction in effective process gain caused by interaction in the multiloop 
system cannot be compensated by an increase in the controller gain; if an attempt 
is made to increase the controller gain to improve control performance, the system 
will become unstable! Thus, the product K p K c can be small (i.e., very much less 
than 1.0) in the interactive system, and feedback adjustments in response to some 
disturbances can be very slow because of this “detuning” effect of interaction. This 
stability limit for multiloop systems accounts for the very slow return to set point 
experienced by some processes with large relative gains. 

To this point, general interpretations of multiloop system behavior have been 
developed. The many useful insights and quantitative expressions for the effects 
of interaction on multivariable behavior and stability will be exploited in the next 
chapter on multiloop control performance, in which specific methods for tailoring 
control design to performance goals are presented. 
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Columns,” I, Automatica, 1, 15-29 (1965) and II, Automatica, 1, 29-51 
(1965). 

Further information on the effects of interaction on multiloop systems is available 
in 


Despande, R (ed.). Multivariable Process Control, Instrument Society of 
America, Research Triangle Park, NC, 1989. 

Shinskey, F. G., Controlling Multivariable Processes, Instrument Society of 
America, Research Triangle Park, NC, 1981. 
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A rigorous criterion for the stability of linear multivariable systems is available 
in Despande (1989, just cited) and 

Luyben, W., Process Modelling, Simulation, and Control for Chemical Engi¬ 
neers (2nd ed.), McGraw-Hill, New York, 1990. 


The material in the chapter enables the engineer to evaluate the suitability of candi¬ 
date processes and variables for multiloop control quantitatively. Specifically, con¬ 
trollability and operating window (or range of operation) can be used to establish 
the feasibility (or infeasibility) of feedback control for potential process designs. 
Interpretations of the relative gain suggest that only variable pairings with Xjj > 0 
for 2 x 2 systems should normally be considered further (but see Chapter 21 for 
important exceptions). Also, the effects of interaction on tuning are demonstrated 
by some preliminary tuning rules for 2 x 2 systems. The methods in this chapter 
enable the engineer to eliminate some candidate designs as infeasible for multiloop 
control, so that future effort can be directed toward evaluating the remaining feasible 
candidates. 


QUESTIONS 

20 . 1 . For the blending process in Figure 20.2, design a control system to control 
the following three product variables at independent values: (a) the total 
flow (F 3 ), (b) the mass fraction of component A, and (c) the mass fraction 




of component S. You may assume that both mass fractions can be measured 
by the analyzer A\. 

20.2. Answer the following questions for two physical processes: (1) the chemi¬ 
cal reactor described in Section C.2 of Appendix C and (2) the same chem¬ 
ical reactor with no heat of reaction. Both processes have two feedback PI 
controllers: T -* F c and C A —► Cao (with F unchanged). 

(a) Does process interaction influence the stability of the closed-loop sys¬ 
tem? Provide quantitative analysis to support your conclusion. 

(b) Does process interaction influence the dynamic behavior of the closed- 
loop system? Explain your answer briefly. 
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Questions 


20 . 3 . Prove the statements made in this chapter about the relative gain array: 
(a) The elements are scale-independent. ( b ) The sum of values in a row or 
column is 1.0. (c) the Xy in equation (20.27). 

20 . 4 . Verify the closed-loop transfer functions in equations (20.12) through (20.17). 


20.5. Answer the following question about controllability. 

{a) How must the controllability test be modified when a constraint (bound) 
is encountered in one or more manipulated variables? 

( b ) Develop an alternative definition of controllability and develop a math¬ 
ematical test for the situation in which the controlled variables must 
only achieve specified values at a single point in time. This might be 
valid for batch control or for intercepting a missile. 

(c) Relate the definition of controllability used in this chapter to the relative 
gain array. 

( d ) How would the test for controllability in Section 20.3 be modified if 
the control algorithms were implemented via digital calculation? 

(e) How far can one extrapolate the conclusions of the controllability test 
to other operating conditions? 

20.6. Determine the controllability and possible loop pairings (X > 0) for the 
process in Figure Q20.6 for the following two situations. The feed consists 
of only solvent and component A. The manipulated variables are the valves, 
and the controlled variables are the level and the composition of A, Ca. 

(i a ) The situation without chemical reaction (i.e., a mixing tank). 

(b) The situation with a single chemical reaction A B, r A = -fcC A . 



20 . 7 . Consider the CSTR in Figure Q20.7 in which solvent and component A in 
solvent (C A o) are mixed. The two streams can be at different temperatures. 
A single reaction A -*■ B occurs in the reactor. The rate expression is 
r A = -XC A , and the heat of reaction can be nonzero. The manipulated 
variables are the flow rates of the two inlet streams, and the controlled 
variables are the temperature and concentration of A in the reactor. 

(a) Determine under what conditions the system is controllable. 

( b ) For the conditions which are controllable, if any, determine allowable 
loop pairings (X,y > 0). 

20 . 8 . Answer the following questions for a 2 x 2 control system with PI con¬ 
trollers. 


Solvent 




H&J 


Component A 



FIGURE Q20.7 
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(c) 


(d) 


Is it possible for tuning values to exist that would yield a stable multi¬ 
loop system and an unstable single-loop system for the same process? 
Is it possible for tuning values to exist that would yield an unstable 
multiloop system and a stable single-loop system for the same process? 
State the criteria for the single-loop system in Figure 20.7 to be stable. 
Suggest a manner for using the results in Example 20.8 in tailoring the 
dynamic performance to control system goals. 


20 . 9 . The following transfer function was provided by Waller et al. (1987) for 
a distillation column with the levels and pressure controlled with single¬ 
loop controllers as in Figure 20.3. The product qualities were not measured 
directly; they were inferred from tray temperatures (°C) near the top, Ti, 
and near the bottom, 7 i 4 , trays. The manipulated variables are the reflux, 
F R , and reboiler steam, F$, both in kg/h. Time is in minutes. 



" -0.045e-°- Si 
8 .1s + 1 
-0.23e~' Ss 
- 8.1s + 1 


0.048e-°- 5i " 
lls + 1 \F R (s)] 

0.55e~ 0 5s L 1 

10s+ 1 - 


Answer the following questions for this system. 

(a) Determine whether the input-output combination is controllable. 

(b) Determine if either loop pairing can be eliminated based on the relative 
gains (k u > 0). 

(c) Determine the initial tunings for PI controllers for all allowable loop 
pairings. 

( d ) Estimate whether the interaction affects the magnitude of the manipu¬ 
lated variable changes for a set point change between single-loop and 
multiloop control. 



FIGURE Q20.10 


20 . 10 . The outlet temperature of the process fluid and the oxygen in the flue gas 
can be controlled in the fired heater in Figure Q20.10 by adjusting the fuel 
pressure (flow) and the stack damper % open. A dynamic model for the 
fired heater in Figure Q20.10 was reported by Zhuang et al. (1987) and is 
repeated here: 


T(s) 

A(s) 


0.6 -0.04 


2400s 2 + 85s + 1 3000s 2 + 90s + 1 

-1.1 0.30 

70s + 1 70s +1 



The inputs and outputs are in percent of the range of each instrument, and 
the time is in seconds. 


(a) Determine whether the input-output combination is controllable. 

(b) Estimate whether the interaction changes the magnitude of the manip¬ 
ulated variable changes for a set point change between single-loop and 
multiloop control. 

(c) Determine if either loop pairing can be eliminated based on the relative 
gains (kjj > 0). 

( d ) Determine the initial tunings for PI controllers for all allowable loop 
pairings. 




20 . 11 . Three CSTRs with the configuration of Section C.2 and with the following 
design parameters are considered in this example; the common data is given 
below, and the unique data and steady states are given in Table Q20 .11 for 
three cases. 

F = 1 m 3 /min, V = 1 m 3 , Cao = 2.0 kmole/m 3 , C p = 1 cal/(gK), 
p = 10 6 g/m 3 , ko = 1.0 x 10 10 min -1 , E/R = 8330.1 K -1 
(F c ) s = 15 m 3 / min, C pc = 1 cal/(g K), p c = 10 6 g/m 3 , b = 0.5 

The controlled variables are Ca and T, and the manipulated variables 
are Cao and F c . Answer the following questions for each chemical reactor 
and explain the differences among the designs. (Note that this question 
requires the linearized, steady-state model for each case.) 

(a) Determine whether the input-output combination is controllable. 

(b) Estimate whether the interaction changes the magnitude of the manip¬ 
ulated variable changes for a set point change between single-loop and 
multiloop control. 

(c) Determine if either loop pairing can be eliminated based on the signs 
of the relative gains. 

( d ) Determine the initial tunings for PI controllers for all allowable loop 
pairings. 

(e) Evaluate the transient responses for a concentration set point change 
of + 0.02 kmole/m 3 . 
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Questions 


TABLE Q20.11 


Case 

1 

II 

III 

-A/frenlO 6 cal/(kmole) 

130 

13 

-30 

a (cal/min)/K 

1.678 x 10 6 

1.678 x 10 6 

0.7746 x 10 6 

T 0 K 

323 

370 

370 

T cin K 

365 

365 

420 (heating) 

T s K 

394 

368.3 

392.7 

C Al kmole/m 3 

0.265 

0.80 

0.28 


20.12. Discuss an empirical method for identifying the inverse of the process gain 
matrix directly from experimental data. 

20.13. Determine whether K(K ) -1 would give the same (correct) result as equa¬ 
tion (20.27) for the elements of the relative gain array. 

20.14. The process with two series chemical reactors in Example 3.3 is consid¬ 
ered in this question. The process flexibility is increased by allowing the 
temperatures of the two reactors to be manipulated independently. The two 
controlled variables are the concentrations of reactant A in the two reactors. 
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The rate constant can be expressed as 5.87 x 10 5 c 5000/ 7 (with temperature 
in K). 

(a) Determine whether the input-output combination is controllable. 

(b) Determine if either loop pairing can be eliminated based on the signs 
of the relative gains (X,- 7 - > 0 ). 


20.15. The following transfer functions were provided by Wood and Berry (1973) 
for a methanol-water separation in a distillation column similar to Figure 
20.3. The products are expressed as mole % light key, and the reflux F R 
and reboiler steam Fs are in lb/min. Time is in minutes. 



12.8e - " -18.9c- 3 " - 

16.75 + 1 21s+ 1 rF*(s)l 

6 .6e -7 " -19.4c -3 " [_J 

- 10.9s + 1 14.4s + 1 - 


(a) Determine whether the input-output combination is controllable. 

( b ) Estimate whether the interaction changes the magnitude of the manip¬ 
ulated variable changes for a set point change between single-loop and 
multiloop control. 

(c) Determine if either loop pairing can be eliminated based on the sign 
of the relative gains (X, ; - > 0). 

(d) Determine the initial tuning for PI controllers for all allowable loop 
pairings. 

(e) The model was determined empirically. Discuss the effects of likely 
model errors on the results in parts (a) to (d). 


20.16. A series of nonisothermal CSTRs shown in Figure Q20.16 is analyzed 
in this question. The heat transfer is adjustable in each reactor, so that 
each reactor temperature can be considered a manipulated variable. The 
feed contains only a nonreacting solvent and component A. The potential 



FIGURE Q20.16 



manipulated variables are T\, T 2 , F, V\, V 2 , and C A o- The variables to be 
controlled to independent steady-state values are the compositions of B and 
C in the effluent from the second reactor. For each of the sets of elementary 
reactions given below, determine (1) for which sets of two manipulated 
variables the system would be controllable and (2) for the variables selected 
in (1), whether either pairing of variables could be eliminated based on the 
relative gain. 

(a) A-^B-^C 

(b) A-^B + C 

Assume that the rate constants can be expressed as Arrhenius functions of 
temperature and the heat of reaction is zero. 



Questions 


20.17. The mixing tank in Figure Q20.17 has two independent inlet streams of pure 
A and B that can be manipulated. The outlet flow cannot be manipulated by 
the unit; it is set by a unit of higher priority. The composition, the weight 
percent of B, and the level are to be controlled. 

(i a ) Derive a linearized model of the system. 

( b) Determine whether the system is controllable. 

(c) Calculate the relative gain array for this process and make conclusions 
about the possible loop pairings for this system. 



20.18. A proposal is made to control the temperature ( T ) and composition (C A ) FIGURE Q20.17 

in the chemical reactor in Figure Q20.18 by manipulating the feed flow 
and the inlet temperature. The chemical reaction is A -*■ B, with r A = 

— kC\ and no heat of reaction. The flow in the pipe is laminar, so that 
the flow out can be taken to be proportional to level, F = KL. The data 
for this system at the base case operation is the same as for Example 3.2; 
in addition, the temperature is 323 K and the reaction rate constant is 
it = 2.11 x 10V 5000/r . 

(a) Derive the linearized model for this system in deviation variables. 

(b) Determine whether the system is controllable in the steady state. 

(c) Derive the four individual single input-output transfer functions. 
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id) Evaluate the relative gain, both at steady state and as a function of 
frequency. Explain the differences. 

( e ) Select a feasible loop pairing and design a control system. 

20 . 19 . Evaluate the controllability and the interaction for the blending and distil¬ 
lation processes modelled in Section 20.2. Discuss the differences, if any, 
between the steady-state and frequency-dependent results. 

20 . 20 . The analysis of multiloop tuning summarized in Figure 20.9 considered 
only positive controller gains. Discuss the control performance when one 
of the controller gains is allowed to be negative. 



Multiloop 

Control: 

Performance 


Analysis 


21.1 0 INTRODUCTION 



Multiloop process control systems were introduced in the previous chapter, where 
some important effects of interaction on steady-state and dynamic behavior were 
explained, and a quantitative measure of interaction—the relative gain—was pre¬ 
sented. This understanding of interaction is now applied in the analysis of multiloop 
control performance and design. Three main facets of control performance analy¬ 
sis are presented and applied to the design of multiloop systems. The first is loop 
pairing: deciding the controlled and manipulated variables for each single-loop 
controller in a multiloop system. The second facet is controller tuning to achieve 
the desired performance, as well as to maintain stability. The third facet involves 
enhancements to the PID control calculations that can improve control perfor¬ 
mance while retaining the simplicity of the multiloop control strategy in selected 
applications. 

As in the single-loop case, the first step is to define control objectives thor¬ 
oughly. The main aspects of multivariable control performance are presented in 
the following list. Several are the same as for single-loop systems; however, items 
2,5, and 6 are new, and item 4 can assume even greater importance. 


1. Dynamic behavior of the controlled variables. The control system should 
provide the desired control performance for expected disturbances and set 
point changes. The performance can be defined by any appropriate measures 
presented in Chapter 9 (e.g., IAE and decay ratio). 

2. Relative importance among controlled variables. The multiloop control struc¬ 
ture should be compatible with the relative importance of various controlled 
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variables, since some controlled variables may be very important and should 
be maintained close to their set points, while others may not be as important 
and can be allowed to experience larger short-term deviations. 

3. Dynamic behavior of the manipulated variables. Feedback control reduces 
the variability in the controlled variables by adjusting manipulated variables; 
however, the variability in the manipulated variables should not be too large. 

4. Robustness to model errors. The control system should be robust so that it 
performs well in spite of inevitable modelling errors. As with single-loop 
systems, this objective requires that feedback controllers be tuned to ensure 
stability and give the best feedback performance possible for the expected 
model errors. In addition, we shall see that some multivariable control systems 
are highly sensitive to model errors and can be applied only when models are 
very accurate. 

5. Integrity to controller status changes. Each controller should retain reason¬ 
able performance for its basic objectives, even if performance is somewhat 
degraded, as changes occur in the automatic/manual status of interacting loops. 

6 . Proper use of degrees of freedom. The control system should be able to adapt 
itself to the degrees of freedom available in the process, which can change 
when a manipulated variable cannot be adjusted (e.g., because it reaches a 
physical limit). This topic is addressed in Chapter 22. 

It would be possible to arrive at the best design by simulating all possible 
loop pairings and enhancements. However, simulating the numerous candidate 
designs would be a time-consuming task, especially since the controllers in every 
candidate would have to be tuned. In addition, such a “brute force” simulation 
technique would provide little insight into improving performance through changes 
in process equipment, operating conditions, or control structure. 

The approaches presented here are selected because they address the most 
important issues and generally require less engineering effort than simulating all 
possibilities. Because these methods build on the results of the previous chapter, 
it will be assumed that all systems considered are controllable. The new analysis 
method for each major design decision is addressed in a separate section of the 
chapter; then, some advanced topics are introduced. Finally, a flowchart is provided 
to clarify the integration of major analysis steps in reducing potential candidate 
designs and making decisions for multiloop systems. The hierarchical analysis 
method eliminates candidates with a minimum of engineering effort and results in 
one or a few final designs. Because of assumptions in some of these methods, the 
final design selection may still require simulation, but of only a few candidates. Be¬ 
fore the methods are covered, a few motivating examples are presented to highlight 
some important issues that distinguish multiloop from single-loop performance. 


21.2 m DEMONSTRATION OF KEY MULTILOOP ISSUES 

In this section, four important multiloop issues are introduced through process 
examples that show the key effects of interaction on the dynamic performance of 
multiloop control systems. These issues were selected because they often influence 
control design for process units and they are unique to, or assume heightened 
significance for, multiloop systems. The analysis methods to address these issues 
are provided in subsequent sections of this chapter. 



EXAMPLE 21.1. Operating conditions 

The first issue is the effect of operating conditions on multiloop control perfor¬ 
mance, which is introduced through consideration of the blending process in 
Figure 20.2. We begin by considering the same operating conditions previously 
considered in Table 20.5, which are repeated in Table 21.1 as the base case. 
For these operating conditions, the product is very dilute (5% A). Thus, changing 
the flow rate of component A by a small amount affects the product composi¬ 
tion significantly while affecting the total product flow only slightly. This qualita¬ 
tive analysis was substantiated by the quantitative tuning analysis in Example 
20.10, which leads to the recommendation of the pairing for the base case in 
Table 21.1. 

Next, we investigate whether a different pairing is recommended for an al¬ 
ternative operating condition that involves a very concentrated product (95% A). 
In this operation, the product concentration is more sensitive to the flow of the 
solvent than to the flow of component A, as it was in the base case. The tuning 
for proportional-integral controllers is determined by the guidelines for 2 x 2 sys¬ 
tems with one fast and one slow loop. For this alternative case the loop pairings 
A\-F\ and F-i-Fj provide better control, because the tunings for the controllers in 
this configuration are not dependent on the automatic/manual status of the other 
controller. From this example, we can conclude: 
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(jfi 


Solvent 
Pure A 




■sr- 



The proper control loop pairing depends on the operating conditions of the 
process. 


Thus, it is not possible to specify a single control design for each unit operation, 
like blending or two-product distillation. Even though units may appear similar, 
at least with respect to equipment structure, their operating conditions and the 
resulting dynamic responses must be considered. 


TABLE 21.1 

Effect of operating conditions on multiloop performance of the blending system 


Relative gain 

Operating Set points A. /U _ F2 , k A i-Fi 

condition Ai Fj Pairings A\ —F 2 , F 3 — F\ Pairings A\ —Fj, F 3 —Fi 


Base case 0.05 


Alternative case 0.95 


100 0.95 0.05 


100 0.05 0.95 


Recommended 
The controller tuning 
is essentially the same for 
single-loop and multiloop 
control. 

Not recommended 
The controller tuning 
depends strongly on the 
status of the interacting 
loop. 


Not recommended 
The controller tuning 
depends strongly on the 
status of the interacting 
loop. 

Recommended 
The controller tuning is 
essentially the same for 
single-loop and multiloop 
control. 
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EXAMPLE 21.2. Transmission interaction 

The previous analysis selected the controller pairing that reduces transmission 
interaction. In fact, the best controller pairings for the two examples are consistent 
with selecting the multiloop pairings that yield relative gain values closest to 1.0, as 
verified by the relative gain values in Table 21.1. Given this result, it is tempting to 
assume that the multiloop control with relative gains closest to 1.0 always gives the 
best performance. This example demonstrates that this assumption is not always 
valid and that a more complete analysis is required. 





Energy balance distillation control: (a) schematic diagram; (6) transient response to a change 
in light key in feed of -0.04. 









This example consists of the two-product distillation tower separating a binary 
feed considered in Example 20.2. Both top and bottom product compositions are 
of equal importance, and the major disturbance is a change in feed composition. 
Two regulatory loop pairings, which differ only in how the distillate and reflux flow 
rates are manipulated, are considered. The first, shown in Figure 21.1a, has the 
distillate manipulated to control the overhead drum level and the reflux manipu¬ 
lated to control the top product composition; this is called energy balance and was 
considered in Chapter 20. The second, shown in Figure 21.2b, has the distillate 
and reflux pairings interchanged; this is called material balance and is introduced 





FIGURE 21.2 

Material balance distillation control: (a) schematic diagram; ( b ) transient response to a 

change in light key in feed of —0.04. 
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Timing and performance data for distillation dynamics 
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Energy balance 

Material balance 

Performance Analysis 

X XD-FB 


6.09 



t-XD-FD 



0.39 


Kcd 


10.4 

-9.35 


Tid 


9.0 

10.0 


Kcb 


-6.8 

-68.7 


T/b 


6.1 

6.7 


Feed 





composition 

iae* d 

0.17 

0.45 


disturbance 

IAExb 

0.35 

0.31 


(A x f = -0.04) 






IAExd 

0.35 

0.0585 


SPxD 

IAExb 

0.34 

0.0456 


disturbance 





(ASP xo = 0.005) 





here for the first time. It is important to recognize that the steady-state responses 
of these two systems are identical because the process equipment, controlled 
variables, and manipulated variables are the same. Only the transient behavior 
is different. The linear transfer functions, including 2 min analyzer dead times, for 
the two systems follow. 


Energy balance. 

r 0.0747<T 3 ' -0.0 tele- 2 * *1 r 0.70e -5s "l 

rX/,1 12s + l 155 + 1 \ F *] + 14.45 + 1 x 

|_ X *J 0.1173e -33j -0.1253*-* L F vJ 1.3*"* F 

- 11.755 + 1 10.25 + 1 -I 125 + 1 - 

Material balance. 

r —0.0747* - * 0.008* - * “I f 0J0e~ Ss “| 

rx D i 105 + 1 55 + 1 rFoi 14.45 + 1 x 

L x aJ -0.1 me" 2 * —0.008e~ 2jr L*vJ + 1.3*- 3 * '' F 

95+ 1 35 + 1 -I 125+1 - 


( 21 . 1 ) 


( 21 . 2 ) 


Tuning for these control systems can be determined by the methods in Chapter 
20. The results are reported in Table 21.2. 

The transient responses for well-tuned feedback control in response to a feed 
composition upset are given in Figures 21.1b and 21.2b, and the control perfor¬ 
mances are summarized in the IAE values in Table 21.2. Based on the total IAE 
values (0.52 for energy balance and 0.76 for material balance), the performance 
of the energy balance control design is better than the material balance controller 
for the feed composition disturbance—in spite of the fact that the interaction, as 
measured by the relative gain, is much further from 1.0 for the energy balance 
controller pairing, Thus, we conclude: 
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The best-performing multiloop control system is not always the system with 
the least transmission interaction (i.e., with relative gain elements closest 
to 1.0). 
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This result should not be surprising when one considers the closed-loop trans¬ 
fer function for a multiloop system, derived in Chapter 20 and repeated here. 


CV,fr) 

D(s) 


^ Gd 2 (s)G l2 (s)G c2 (s)'\ ri , X1 

1°'' W ~ [I + OaWGnW] J + C «W g ”<'>' 


CE(j) 


(21.3) 


with 


CE($) = 1 + G c i(j)G||(s) + G c 2(s)G22(s) + 


G c |(^)Gi|(j)G c 2(5)G22(^) 

a, ,(s) 


The dynamic response depends on all elements in the transfer function, so both 
numerator and denominator must be considered, especially in multivariable sys¬ 
tems. However, the relative gain appears only in the denominator, whereas the 
disturbance transfer function appears in the numerator. This result is a bit disap¬ 
pointing, since the design of multiloop systems would have been relatively easy 
if the pairing were determined completely by the relative gain. Transmission inter¬ 
action is important and must be considered, but a simple pairing method based 
entirely on the relative gain is not always correct. 


EXAMPLE 21.3. Disturbance type. 

A further important question concerns the performance of candidate controls for 
different disturbances. Specifically, is it true that one candidate control pairing 
performs best for all disturbances? This issue is investigated by extending the 
study of the two distillation controller pairings for a different disturbance: a set 
point change to the distillate controller. The dynamic responses for a set point 
change in the top composition controller of +0.005 mole fraction, with the other 
set point and all disturbances constant, are given in Figure 21.3a and b. The 
results, summarized in Table 21.2, show that the total IAE values are 0.69 for 
energy balance and 0.104 for material balance. In this case, the material balance 
system performs better. Note that an attempt to “speed” the sluggish response of 
the energy balance system through tighter controller tuning will lead to instability. 

From this example we conclude: 


The relative performance of control designs and the selection of the best 
design can depend on the specific disturbance(s) considered. 


This result seems reasonable when considering the following closed-loop transfer 
function for the set point change: 


CVds) 

SP.to 


G c |(j)Gn(j) + G f i(5)G c2 (5)[G|i(j)G22(j) - Gi2(j)G2l(^)] 


CE(j) 


(21.4) 
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(a) 






(b) 


FIGURE 21.3 


Transient response of distillation control to +0.005 distillate light key set point 
change: (a) energy balance design; (£) material balance design. 
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The characteristic equation is unchanged from equation (21.3), but the transfer 
function numerator is different for different disturbances, and thus the control per¬ 
formance could be different. The result again demonstrates the difficulty with hav¬ 
ing a single, standard design for a unit operation, because the types of distur¬ 
bances a unit most often experiences depend on the entire plant design. 


EXAMPLE 21.4. Interactive dynamics. 

The examples covered to this point involved interactive systems in which the trans¬ 
mission interaction is not faster than the “direct” transfer function between the 
manipulated and controlled variables. Assuming that the controller is paired ac¬ 
cording to CV|(s)-MV](j), the systems studied to this point have had 


GuCs) faster than 


<J2iCr)<Jc2(s)Gi2(s) 
1 + G C 2{S)G22(S) 


A particularly difficult control challenge can occur when the transmission inter¬ 
action is faster than the direct process response. As an example, two systems 
are considered; they have the same steady-state gains, but system B2 has fast 
transmission dynamics, whereas system B1 has similar dynamics for all transfer 
functions in the process model. In Example 20.9, system B1 has been shown to 
have "well-behaved” closed-loop dynamics and to be easily tuned. 


System B1. 


System B2. 


'cv.co' _ 
.cv 2 co_ 


rcv l (s)i_ 
|_CV 2 (s)J ” 


l.Oe- ,0j 

0.75e~ l0s 

] -|- 2s 

1 +2s 

0.75<r ,0s 

i.o<?- |0s 

1 +2s 

1 +25 

1 .0<r 30i 

0.75<r°- ,s 

1 +2s 

1 -I - 2s 

0.75e-° As 

1 .0e-° j5 

- 1 2 s 

1 +2s 


MV|(j)" 
MV 2 (j)_ 


’ MV i (s)" 
_MV 2 (s)_ 


(21.5) 


( 21 . 6 ) 


System B2 has the same steady-state gains but very different dynamics. To first 
acquire some understanding of this system, the dynamic response is determined 
for a step change in MVi ( t ) with only the controller for variable 2 in automatic; this is 
the process reaction curve for the process MV| (0-CV^r) with the other controller 
in automatic. The dynamic response in Figure 21.4a shows an inverse response, 
because the fast transmission effect produces an initial negative response before 
the slower diagonal [Cu(i)] effect produces a positive steady-state response. 

It is important to recognize that the structure of a multiloop system with interac¬ 
tion ensures that parallel paths exist; the parallel paths include the direct transfer 
function and transmission interaction, as shown in Figures 20.7 and 20.8. These 
parallel paths do not always create complex feedback dynamics such as inverse 
response or initial overshoot, but the possibility always exists. In system B2 the 
interactive path is faster and has an effect opposite to the direct effect, leading to 
the initial inverse response. 

A process with an initial inverse response is usually difficult to control; thus, 
interaction with fast transmission dynamics can result in poor control performance. 
As an example, the control response of system B2 to a set point change in CV, 
with PI tunings that yield minimum (IAE, + IAE 2 ) is given in Figure 21.4b. (Again, 
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FIGURE 21.4 


System B2: (a) Process reaction curve of MV,-CVi with other loop closed; 
(b) muitiloop transient response to set point change in CVj. 








TABLE 21.3 

Effect of dynamics on multiloop performance 


Case 

K ci 

T n 

Kd 

T, 2 

IAE, 

iae 2 

IAE, + IAE; 

B1: Uniform 

1.23 

1.76 

0.89 

1.06 

3.46 

2.46 

5.92 

interactive 
dynamics 
(Figure 20.11) 
B2: Complex 

0.71 

3.00 

4.00 

2.97 

9.80 > 

1.27 

11.07 


interactive 
dynamics 
(Figure 21.46) 
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this simple measure of control performance is selected for comparison purposes 
only.) The feedback controller cannot eliminate the initial inverse response, which 
results in a relatively long time during which CV|(r) is far from its set point. 

The tuning and performance for systems B1 and B2 are compared in Table 
21.3. This example clearly demonstrates the importance of interactive dynamics; 
recall that both systems B1 and B2 have the same steady-state interaction, but 
system B2 has poorer performance. 

This example demonstrates: 


Multivariable systems with strong interaction and fast transmission dynam¬ 
ics can result in complex dynamic responses, involving inverse response 
or large overshoot, which can degrade control performance. 


The examples considered in this section have demonstrated that the design of a 
multiloop control system is a challenging task, involving more complex issues than 
single-loop systems, and that the process dynamic responses, operating conditions, 
disturbances, and extent of interaction must all be considered. The next three 
sections present methods for considering these issues when making the three main 
multiloop decisions: loop pairing, tuning, and enhancements. 


21.3 □ MULTILOOP CONTROL PERFORMANCE 
THROUGH LOOP PAIRING 

Loop pairing—the selection of controlled and manipulated variables to be linked 
through single-loop controllers—is an extremely important design decision. For 
the distillation examples in Figures 21.1a, the two possible pairings are (1) Xd- 
Fr and Xr-Fv and (2) Xd-Fv and Xr-Fr. However, for a system with more 
manipulated variables, the number of potential designs becomes very large; in fact, 
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the number of initial candidates for a process with n manipulated and controlled 
variables is n factorial (n!). For example, there are 125 candidates for a five- 
controller, five-manipulated-variable distillation system in Figure 21.1a when the 
product compositions, pressure, and levels are considered! Clearly, the number 
of candidates must be reduced significantly, or the analysis task will require an 
enormous effort to evaluate all candidates. In this section, four separate analyses are 
described for eliminating clearly unacceptable pairing candidates and evaluating 
the remainder for likely performance. These analyses would be applied only to 
process designs that have been verified to be controllable and to have an adequate 
operating window. Also, the four analyses are employed sequentially, with only 
those candidates passing the prior steps evaluated at the next step. 

Integrity 

An important factor to be considered in multiloop control design is the performance 
of the system when a fault or limitation occurs. Here, a fault is assumed to involve 
a sensor or final element so that a control loop ceases to function; we will be 
considering the situation after a fault has been recognized and the loop with the 
fault has been taken out of service. The resulting situation is the same when one 
(or more) controller is placed in the manual status, so that it no longer adjusts the 
manipulated variable. In such circumstances, interaction influences the stability 
and performance of the remaining closed-loop control system. We would like the 
system to have integrity. 


A system has integrity if, after one or more loops are placed in manual, the remain¬ 
ing closed-loop system can be stable without changing the signs of any feedback 
controller gains remaining in automatic. 


Some very useful results regarding integrity can be determined from the relative 
gain. 

NEGATIVE RELATIVE GAIN. If a control loop (with integral mode) is paired 
using manipulated and controlled variables that have a negative relative gain ele¬ 
ment Xij, one of the following situations must exist (McAvoy, 1983; Grosdidier et 
al. 1985). 

1. The multiloop system is unstable with all controllers in automatic. 

2. The single-loop system ij is unstable when all other controllers are in manual. 

3. The multiloop system is unstable when the ijth controller is in manual and 
all other controllers are in automatic. 

Since all three situations are undesirable, the general conclusion is that single¬ 
loop designs should avoid pairings with negative relative gains, whenever possible. 
Only when essential, fast feedback dynamics can be achieved only by pairing on a 
negative relative gain should this design be considered. Industrial experience has 
shown that good designs with loop pairings on a negative relative gain occur very 




infrequently. An industrially important example of pairing on a negative relative 
gain is described by Arbel et al. (1996). 

ZERO RELATIVE GAIN. When the relative gain, is zero for a pairing, 
the steady-state gain of the pairing CV,(f) —MV ; (t) is zero when the other loops 
are open, that is, the process gain K-,j = 0. Since no causal relationship exists, 
the single-loop controller cannot function. However, the multiloop system can 
function because of the causal relationship through the interacting process and 
the interacting controller. The causal interaction relationship is demonstrated with 
equation (20.13), which gives the transfer function between CVi(j) and MVi(s) 
for a 2 x 2 system with loop 2 in automatic. 

0 

CV,(j)/MV,(j) =/u(s) ~ G n (s)G 2 i(s)Ga(s)/[l + G c2 (s)G 22 (s )] (20.13) 

Clearly, a nonzero causal relationship exists between MVi ( 5 ) and CV| when pro¬ 
cess interaction occurs [Gi 2 (s)G 2 i(s) # 0 ] and the interacting controller is in 
automatic [G c2 (s) 0] to create a feedback loop via the interaction path. There¬ 

fore, successful operation of a control loop paired on a zero relative gain depends 
on the status of the interacting loop. Pairing on a zero relative gain should be im¬ 
plemented only when essential, fast feedback dynamics are achieved. Industrial 
experience indicates that this situation is not common, but occurs occasionally. 

In both of these cases, proper functioning of a control loop requires that the 
adjustments from other controllers be implemented at the final elements, which 
would not be satisfied if an interactive controller ( 1 ) were in manual or ( 2 ) had 
its output saturated at the upper or lower bound. It is not uncommon for these 
situations to occur, at least temporarily, and thus, multiloop control designs with 
relative gains less than or equal to zero could often fail to provide stable feed¬ 
back regulation. To prevent these failures, a real-time computer program could be 
prepared to continuously monitor the control system and change controller gains 
and automatic/manual statuses depending on the condition of all controllers in the 
multiloop system. 

To summarize this discussion on integrity: 
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• Pairing a control loop on negative or zero relative gain should be avoided, if pos¬ 
sible; such a pairing is implemented only when essential, significant dynamic 
advantages can be gained by this design and by no other reasonable process or 
control modifications. 

• When a control design has a loop paired on a negative or zero relative gain, a 
program should be executed in real time to monitor the interacting loops and 
either warn the operator or take automated actions to prevent unstable systems 
when the status of an interacting loop changes from automatic to manual. 


To discuss a process with conventional and zero relative gain pairing, we 
begin by considering the fired heater process in Figure 21.5. The process fluid 
flows through a pipe (termed a coil ) and is heated by radiant and convective heat 
transfer from the combustion of fuel. The variables to be controlled are the process 
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fluid flow rate and the process fluid outlet temperature, and the two manipulated 
valves are in the process fluid (ui) and fuel (« 2 ) lines. When no feedback controllers 
are present, the process fluid flow rate is influenced directly only by V|, and the 
outlet temperature is influenced by both vi and Thus, the 2 x 2 gain matrix has 
a zero, and as shown in Chapter 20, the relative gain array has ones in the diagonal 
elements and zeros in the off-diagonal elements. There is only one pairing with 
nonzero relative gain values, and this pairing is shown in Figure 21.5, which is the 
common loop pairing used in most industrial designs. 

The guideline for eliminating pairings on nonpositive relative gains conforms 
to theory and common industrial practice; however, there are a few cases where the 
rule is violated and pairings with zero relative gains are used. These unconventional 
designs are employed, in spite of their recognized drawbacks, to achieve specific 
advantages—typically, very fast feedback dynamics for a particularly important 
controlled variable. An example of an exception is given in Figure 21.6. In this 
case, the tight control of the coil outlet temperature is very important, and the 
dynamic response between the process flow valve ui and the temperature can be 
very fast when the fluid residence time in the coils is short. Since the open-loop 
gain between valve and the process fluid flow is zero, the proper functioning of 
the flow controller in this case requires the operation of the temperature controller. 
This design is used industrially only when the temperature is of especially great 
importance, feed flow control need not be controlled tightly, and other steps to 
improve control performance are not possible or are extremely costly. 

Dynamics 

If one or a few controlled variables are much more important, the control loop pair¬ 
ing should be selected to give good performance for the most important variables. 
As demonstrated in discussions on single-loop control, control performance is 
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much better when the feedback process dynamics involve a fast process with small 
fraction dead time. Thus, the second loop-pairing guideline is stated as follows: 


Very important controlled variables should be paired with manipulated variables 
that provide fast feedback dynamics with small dead times and time constants and 
negligible inverse response. 


As an example of this guideline, consider the simplified system in Figure 
21.7 in which two gases are mixed, as might occur where the heating value of 
the mixed gaseous fuel stream is to be controlled. The sources of the feeds are a 
gas stream L (lower heating value) and a vaporizer for the stream H (higher heat¬ 
ing value). The controlled variables are the pressure and the composition in the 
pipe after mixing, and both manipulated variables affect both controlled variables. 
Generally, the pressure is of greatest importance, because variations could lead to 
unsafe conditions; short-term composition variations, while not desirable, can be 
more easily tolerated. Therefore, the pressure is controlled by manipulating the 
fast-responding gas feed, while the composition is controlled by manipulating the 
more slowly responding vaporization process. Since the pressure is most important, 
this pairing would be used as long as the gas feed valve has the flexibility range to 
control pressure—in other words, as long as it does not go fully opened or closed in 
response to disturbances—regardless of the interaction effects on the composition. 

EXAMPLE 21.5. 

Evaluate the two possible loop pairings for the blending example process with 
base-case conditions in Table 21.1 according to the relative gain and dynamic 
responses. 
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FIGURE 21.7 


Fuel gas control system with key pressure variable 
paired with fast manipulated variable. 


The relative gain array for the blending process with dilute product (5% A) 
can be evaluated from the steady-state gains to be 

F\ F 2 

Relative gain array: 

Since none of the elements is less than or equal to 0.0, both possible pairings 
are allowed based on the first guideline. Also, the data reported in Example 20.10 
show the same dynamic responses for both pairings, since the dominant dynamics 
are due to the sensors. Therefore, neither pairing has an advantage regarding 
dynamics. Finally, since the two guidelines do not exclude either pairing, the results 
in Table 21.1 give strong evidence for preferring the A\-F 2 and F 3 -F, pairing, since 
the tuning of each controller does not depend on the automatic/manual status of 
the other. 




EXAMPLE 21.6. 

Evaluate the two possible composition control loop pairings for the distillation ex¬ 
ample in Figure 20.3 according to the relative gain and dynamic responses. 

The relative gain array can be evaluated from the steady-state gains in equa¬ 
tion (20.24), giving 

Fr Fy 

Relative gain array: 

Since only the pairing X D -F K and X B -F V has positive relative gains, only this 
pairing is allowed by the first guideline; this is the design in Figure 21.1a. The loop 
dynamics for the allowed pairing are not slower, and are even slightly faster, than 
the disallowed pairing, which indicates that there is no significant disadvantage 
to this design based on feedback dynamics. 
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The third analysis addresses the remaining candidate pairings, involving control¬ 
lable systems with positive relative gains, similar feedback dynamics, and con¬ 
trolled variables of equal importance, by investigating the control performance for 
specific disturbances. If only a few candidates remained at this point, one could 
simulate the systems for the important disturbance(s) to select the best design, as 
was done for the distillation tower in Examples 21.2 and 21.3. Here a shortcut 
method is outlined that provides a quick estimate of control performance and is 
useful in reducing the pairing candidates that can yield good control performance. 
Equally important, it provides insight into the effects of disturbances, specifically 
how interaction can be favorable or unfavorable in multiloop control (Stanley et al., 
1985). The approach is introduced for 2 x 2 systems; however, it can be extended 
to higher-order systems (Skogestad and Morari, 1987a). In spite of its advantages, 
the method does not provide a definitive recommendation, because of the assump¬ 
tions required; thus, some care is required in its application, and the results may 
have to be verified through dynamic simulation. 

The method takes advantage of a simple estimate of control performance that 
can be determined directly from the closed-loop transfer function. The control 
performance measure used here is integral error, which can be obtained directly 
by using the following relationship (see Appendix D): 

POO P 00 

J E(t)dt = lim J E(t)e~ sl dt = E(s)\ s=0 (21.7) 

This relationship demonstrates that the integral of a variable, specifically the error, 
can be obtained from the transfer function of a stable system without solving for the 
complete transient response (Gibilaro and Lee, 1969). Naturally, much detailed in¬ 
formation about the transient response is lost, but a useful single measure of control 
performance is easily obtained. A large integral error indicates poor performance 
and a pairing candidate that should be eliminated. A small integral error can result 
from good performance, and the pairing should be retained for further evaluation. 
However, large positive and negative errors occurring during the transient could 
cancel in this calculation (this is not the IAE!), so a small value of integral error does 
not definitely prove good control performance. Thus, the final selection requires 
further evaluation, such as a simulation, to determine the transient behavior. 

The closed-loop disturbance response transfer function for a 2 x 2 system 
is given in equation (21.3). The relationship in equation (21.7) can be applied to 
equation (21.3) with D(s) = 1 /s, resulting, after some rearrangement, in 


where 


\r Ei^dt] =\r E ^dt 

L</o J ML Uo 

Integral error under multiloop control = 

Integral error under single-loop control = 



(/l.tuneXRDG,) 

°°Edt)dt\ 

Jml 

£i(Odt"| = 

JSL 


( 21 . 8 ) 


^<ji(77i)sl 
K\dK c ,)sl 
(21.9) 


Detuning factor for multiloop control = /i, tU ne = 


(Kci/TnhL 

(K c \/Th)ml 
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( 21 . 10 ) 
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^ 1*22 


( 21 . 11 ) 


The multiloop control performance calculation in equation (21.8) is arranged to be 
the product of three factors so that separate facets of multiloop control are repre¬ 
sented in each factor: (1) a factor for the single-loop performance, (2) a factor for 
tuning adjustment, (3) a factor accounting for interaction and disturbance. The first 
factor represents the single-loop performance that would be achieved if the other 
control loop were not in operation (e.g., in manual). This term again demonstrates 
that aspects of single-loop control performance, which are summarized in Chapter 
13, also influence the controlled variables in a multiloop system. For example, fast 
feedback dynamics and small disturbance magnitudes are beneficial in multiloop 
systems. 

The final two factors represent the change in control performance due to the 
multiloop structure. The detuning factor / tune represents the effects of detuning the 
PI controllers for multiloop control. The values of the multiloop tuning constants 
can be estimated using methods in Chapter 20 or alternative methods cited in 
the references. By applying the tuning method recommended in Chapter 20 for 
2x2 systems with equal dynamics for the two loops, the detuning factor can be 
determined from the relative gain, as shown in Figure 21.8. Since the relative gain 
in most properly designed control systems is greater than about 0.7, the correlation 
shows that the detuning factor is usually bounded between 1.0 and 2.0 for 2 x 2 
systems (Marino-Galarraga et al., 1987a). 

Thus, the effect of multivariable control is usually dominated by the third 
term, which is called the relative disturbance gain, RDG. The relative disturbance 
gain is the product of the relative gain and a disturbance factor. Recall that the 
relative gain is an inherent property of the feedback process, independent of the 
type of disturbance. In contrast, the RDG depends on the type of disturbance; for 



FIGURE 21.8 


Correlation between detuning factor f iune and 
relative gain for 2 x 2 system with equal 
input-output dynamics. 



example, it has different values for feed composition and set point changes to a 
distillation tower. 

The influence of the RDG is first analyzed from a mathematical, then a process 
point of view. The RDG is the product of two values, and its magnitude is small 
when control performance is good. The first factor is the relative gain; if the relative 
gain has a large value, its contribution will be to degrade control performance, 
because the integral error will tend to increase. The second factor represents the 
effect of the disturbance type, and because it is the difference of two values, it can 
have a magnitude ranging from zero to very large. A small magnitude of this factor 
indicates that the multiloop performance could be much better than the single-loop 
performance. This situation would occur when the term (1 — K^X-nlK-dx K 22 ) has 
a value near zero, which is interpreted as favorable interaction. The other result, 
with a large disturbance contribution and much poorer multiloop performance, is 
also possible and is interpreted as unfavorable interaction. 
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The combined effects of inherent process interaction and disturbance type determine 
the dominant difference between single-loop and multiloop control performance. 
These effects are reflected in the magnitude of the relative disturbance gain (RDG). 


This clearly demonstrates that multiloop control performance can be better or 
worse than single-loop performance for some disturbances. 

A key element in determining the effect of interaction in multiloop systems 
is the manner in which a disturbance affects both controlled variables, sometimes 
referred to as the “direction” of the disturbance. Thus, it is worthwhile considering 
the basis for favorable interaction. Favorable interaction occurs when controller 2, 
in correcting its own deviation from set point, makes an adjustment that improves 
the performance of controller 1, CV 1 (r). The net effect must consider the effects 
of the disturbances on both controlled variables (Kj\ and Kj 2), the manipulation 
taken to correct the CV 2 (f) deviation (characterized by I/K 22 ) and the interaction 
term ( K 12 ). All of these parameters are in the interaction factor of the relative 
disturbance gain. 

EXAMPLE 21.7. 

For the distillation towers in Figures 21.1 and 21.2, evaluate the relative distur¬ 
bance gain and provide an interpretation of the effect of interaction on the control 
performance of the distillate composition, X D , for a disturbance in the feed com¬ 
position. 

The effect of interaction on control performance is predicted by equation 
(21.8), and the calculations are summarized in Table 21.4 for both distillation con¬ 
trol designs. This analysis predicts that the energy balance performs better for 
feed composition disturbances, because its sum of values of /, une x RDG, for the 
two compositions is smaller than for the material balance system. This conclusion 
is confirmed by the simulation results in Figures 21.1b and 21 2b and in Table 21.2. 

The physical interpretation of the favorable interaction is considered here 
for the control design in Figure 21.1a. The initial effect of increased light key in 
the feed (before the analyzer controllers respond) results in the top and bottom 
products having too much light key. In response, the bottom controller increases 
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TABLE 21.4 

Summary calculations of predicted control performance for the distillation 
tower in Examples 21.7 and 21.8 

Energy balance design Material balance design 
in Figure 21.1a _ in Figure 21.2a 

Data and 


calculated variable 

X D 

X B 

x D 

X B 

Kfr 


0.0747 

0.1173 



k fd 




-0.0747 

-0.1173 

Kpv 


-0.0667 

-0.1253 

0.008 

-0.008 

X 


6.09 


0.39 


/tune 


2.0 


5.0 


Feed 

K d 

0.70 

1.3 

0.70 

1.3 

composition 

RDG 

0.071 

0.94 

1.11 

0.06 

disturbance 

/tune ' RDG 

0.14 

1.88 

5.55 

0.30 

Set point 

K d 

1.0 

0.0 

1.0 

0.0 

change (X D ) 

RDG 

6.09 

* 

0.39 

* 


/tune ‘ RDG 

12.2 

* 

1.53 

* 


* Predicted / Edt is finite, although RDG is infinite, due to cancellation of K d z (which is zero) in numerator 
and denominator. 


the heating flow rate (i.e., reboiler duty). This adjustment by the bottom controller 
has the effect of decreasing the light key in the top product, exactly what the top 
controller is doing itself! The top controller must also take action by increasing the 
reflux; however, the (reinforcing) interaction from the bottoms controller improves 
the overall control performance. Therefore, the energy balance control pairing 
has favorable interaction and good multiloop performance for the top controller 
in response to a feed composition disturbance. The reader should repeat this 
thought experiment for the material balance system to confirm that the interaction 
is unfavorable for X D . 


EXAMPLE 21.8. 

For the distillation towers in Figures 21.1 and 21.2, evaluate the relative disturbance 
gain for a change in the distillate composition controller set point and select the 
better design for X D . 

The analysis method, summarized in Table 21.4, correctly predicts that the 
material balance performs better for set point changes in the distillate controller, 
as was found by simulations in Figure 21.3b. Note that equation (21.3) can be 
used to represent a set point change by setting G d i(s) = 1.0 and G d z(s) = 0.0, 
and in this case the RDGi is equal to Xu. 


In summary, equation (21.8) provides the basis for estimating the major effect 
of multiloop control on the performance of each controlled variable. The infor- 






mation required to perform this calculation involves process gains in the feedback 
path Kjj and the open-loop disturbance gains Kj,, which can be easily determined 
from a steady-state analysis. One should consider the likely errors in the values of 
the gains, as well as in the simplifications in linearizing the process model, when 
interpreting the results. Small differences (10-20%) in predicted integral error 
should be considered within the accuracy of the information, and the candidate 
loop pairings should be considered indistinguishable. 

This subsection introduced the consideration of disturbance type, which should 
be considered in all analyses of multiloop systems. However, it is necessary to re¬ 
peat a caution concerning the use of the integral error, which can be small because 
of cancellations of large positive and negative errors. Thus, while large values 
of |RDG||AD|Ar,/| definitely indicate poor control performance, small values do 
not necessarily indicate good performance. The best recourse to determine the 
effects of complex dynamics at this time is to perform a dynamic simulation. Note 
that the procedures described here are useful in substantially reducing the number 
of candidates for simulation, as well as providing insight into the importance of 
disturbance type (or “direction”) on control performance. 

Control Range 

The method for determining controllability in Chapter 20 is valid for the linearized 
model at the point of linearization. For most processes that are not highly non¬ 
linear, the results can be extended in a region about the point. However, there is 
no guarantee that the results can be extrapolated, especially when a manipulated 
variable encounters a constraint while attempting to make the change required 
by the controller. The method for identifying difficulties with range in achievable 
steady-state behavior is to determine the operating window of the process. Even if 
all steady states are feasible, manipulated variables may reach limits during tran¬ 
sients; dynamic simulation would be required to determine the importance of a 
temporary saturation of a manipulated variable. 

This section demonstrated a stepwise method for evaluating candidate multi¬ 
loop control designs: 

1. Use the relative gain to eliminate some pairings which lack integrity. 

2. Use dynamic models to select pairings with fast dynamics for important vari¬ 
ables. 

3. Use approximate control performance analysis—the relative disturbance gain 
(RDG)—for specific disturbances to evaluate systems with controlled vari¬ 
ables of equal importance. 

Note that step 1 requires only steady-state information, which means that it is 
easy to perform with limited modelling information. Also, steps 2 and 3 require 
approximate dynamic information to identify where major differences in feedback 
dynamics are present. This approximate dynamic modelling information is also 
generally easy to obtain. If the effects of interactive dynamics are not easily pre¬ 
dicted, so that the methods here cannot provide conclusive recommendations, the 
final design could be simulated to determine its performance. 
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The tuning of PID feedback controllers should be matched with the control ob¬ 
jectives. Prior to tuning, the first steps presented in the previous section should be 
applied, to eliminate inappropriate pairings by the use of the relative gain and to 
select pairings with fast feedback dynamics for the important controlled variables. 
In all cases, controllers for the most important controlled variables should be tuned 
tightly. The tuning of the controllers of lesser importance depends on the type of 
interaction present: favorable or unfavorable. 

For systems with unfavorable interaction, as predicted by the relative distur¬ 
bance gain, the effect of interaction degrades the performance of other loops; this 
degradation can be reduced through judicious controller detuning, consistent with 
the control objectives. Thus, the controllers for the important variable(s) would 
be tuned tightly, as close as possible to single-loop tuning. To ensure stability and 
prevent unfavorable interaction, the controllers for the less important variables 
would usually be detuned. 

If the interaction is favorable, as indicated by a small relative disturbance gain, 
interaction improves the performance of other loops and should be maintained by 
proper tuning. In this case, the interacting loop, even if not of great importance 
itself, should be tuned as tightly as possible to enhance the favorable interaction. 

There are no exact guidelines for how the less important controllers should 
be tuned. When interaction degrades control performance, a starting approach 
is to tune the important loops close to their single-loop values and detune the 
less important loops by decreasing their controller gains. Normally, all feedback 
controllers would retain an integral mode to return the controlled variables to their 
set points (albeit very slowly for some variables) after disturbances. When both 
are to be tightly tuned, the method in Chapter 20 would give initial values. An 
example of how differences in control performance in the same process can be 
induced through different tuning is given in the results in Table 20.2. 



EXAMPLE 21.9. 

The effects of tuning the composition controllers on the control performance of 
the energy balance distillation control design in Figure 21.1a are investigated. 
For this example (only), the distillate product composition is assumed to be much 
more important than the bottoms composition, so the bottoms composition will 
be allowed to experience larger short-term variation about its set point. Since no 
strict guidelines exist for this tuning, the extent of detuning used in this example 
represents exploratory results. 

The effects of tuning, as determined by simulating the entire response, are 
given in Table 21.5. For a set point change in X D , the interaction is unfavorable, 
as demonstrated by the large magnitude of RDG ■ / wne (12.2) in Table 21.4. There¬ 
fore, tight tuning of the distillate composition controller, along with detuning the 
bottoms loop, reduces interaction and improves the performance of the distillate 
composition controller (reducing the IAE from 0.71 to 0.35). As expected, the vari¬ 
ation in the bottoms composition (IAE) increased as the bottoms controller was 
detuned. 

For the feed composition disturbance, the interaction is favorable, as demon¬ 
strated by the small magnitude of RDG • / wne (0.14) in Table 21.4. Therefore, the 








TABLE 21.5 

The effects of tuning on performance for Example 21.9 




Timing 


Performance 

Input change 

KcXD 

Tixd 

Kcxb 

Tixb 

IAE xd 

IAEjh 

Set point, 

10.4 

9.0 

-6.8 

6.1 

0.71 

0.68 

(ASPxd — 0.01) 

20.75 

9.0 

-3.4 

6.1 

0.35 

1.37 

Feed 

composition, 

10.4 

9.0 

-6.8 

6.1 

0.17 

0.35 

(A X B = -0.04) 

10.4 



Msmamm 

0.36 

1.18 
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control performance in the case with both controllers tightly tuned has better dis¬ 
tillate composition performance (IAE of 0.17) than the case with the bottoms con¬ 
troller detuned (IAE of 0.36), since detuning reduces the favorable interaction. 


The discussion in this section and the results of Example 21.9 reinforce the 
importance of considering the effects of the disturbances in control design and 
tuning. 


Multiloop tuning should be chosen to retain favorable interaction and to reduce 
unfavorable interaction. 


21.5 El MULTILOOP CONTROL PERFORMANCE 
THROUGH ENHANCEMENTS: DECOUPLING 

When the previous analyses are complete, it is possible to arrive at a design with two 
(or more) equally important controlled variables, which may not have the desired 
performance even with the best pairing and tuning. Often, the limiting factor is 
unfavorable interaction, which is indicated by a large magnitude of the relative 
disturbance gain (|RDG|). When poor control performance stems from unfavorable 
interaction, a potential solution involves reducing interaction through an approach 
called decoupling, which has the theoretical ability to improve performance in 
some loops without degrading performance in others. 

Decoupling reduces interaction by transforming the closed-loop transfer func¬ 
tion matrix into (an approximate) diagonal form, in which interaction is reduced or 
eliminated. There are at least three different decoupling approaches: (1) altering the 
manipulated variables, (2) altering the controlled variables, and (3) retaining the 
original variables but altering the feedback control calculation. Each is presented 
briefly in this section. 
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Manipulated Variables 

The first decoupling approach involves changing the control structure to affect dif¬ 
ferent manipulated secondary variables in a cascade structure, with the same final 
elements. This approach will be introduced by reconsidering the blending in Exam¬ 
ple 20 . 1 , in which both manipulated variables influence both controlled variables. 
The goal is to control the same variables (A| and F 3 ) with altered manipulated 
variables so that the altered system’s gain matrix is diagonal or nearly diagonal. 
This goal is usually achieved through process insight. The restructured dynamic 
model can be developed from equations ( 20 . 1 ) and ( 20 . 2 ) without linearizing. 


r a- 


d Ad t) 
dt 




F 2 (t-9 A ) 


Fi(t — 9 A ) + F 2 (t 


-9 a ). 


A x (t) = MV x (t-9 A )-A x {t) 

( 21 . 12 ) 


x F —^ = F x (t -9 f ) + F 2 (t - 9 f ) - F 3 (0 = MV 2 (t - 9 f ) - F 3 (t) (21.13) 
dt 

From this model it becomes clear that the two controlled variables would be inde¬ 
pendent if the manipulated variables were defined as follows: 


Manipulated variable number 1 = MVi = F 2 /(F\ + F 2 ) 
Manipulated variable number 2 = MV 2 = F\ + F 2 

With this modification, the system in equations (21.12) and (21.13) has been altered 
to two independent input-output relationships, and as a side benefit the altered 
system is linear. Thus, standard single-loop control methods can be used to tune 
the controllers in this decoupled system. 

The control strategy can be implemented using real-time calculations and 
cascade principles, as shown in Figure 21.9, because F\ and F 2 are measured and 
respond essentially instantaneously to changes in the valve positions. For example, 
when the mixed flow (F 3 ) set point is increased, the initial response of controller 



FIGURE 21.9 

Manipulated-variable decoupled control of blending. 
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Ft, is to increase the total flow (F\ + F2) set point; this is achieved by adjusting 
uj. This changes the flow ratio and is quickly followed by an adjustment by the 
flow ratio controller to increase V2 to maintain the proper ratio F 2 /(F t + F2); this 
adjustment is made without feedback from the analyzer composition controller. 
These adjustments continue until the desired values of the total flow and ratio 
are achieved. By similar analysis, it can be shown that the analyzer controller 
output affects only the product composition, not the total flow. Thus, the interac¬ 
tions have been eliminated. As an added advantage, the decoupled control system 
is also easily understood by plant operating personnel. Naturally, the feedback 
controllers remain to account for small inaccuracies in the flow measurements, 
manipulated-variable calculations, and disturbances. Many similar strategies are 
used industrially to minimize unfavorable interactions and are the basis for the 
common water faucet design in which the total water flow and the ratio of hot to 
cold can be adjusted independently. 


Multiloop Control 
Performance through 
Enhancements: 
Decoupling 


Controlled Variables 


Another decoupling approach alters the controlled variables by replacing measured 
variables with calculated variables based on process output measurements. Again, 
the proper calculation is designed with knowledge of the process dynamics. As a 
simple example, the two-tank level control system in Figure 21.10 is considered; 
the levels are to be controlled by manipulating the set points of the flow controllers. 
If the goal were to design two decoupled controllers for maintaining the desired 
levels, calculated variables which yield independent equations would be sought in 
the basic linearized model of the process. 


F ' m ~ F ‘ ~ Kn(Vx ~ 
A -^ = F 2i» " f 2 + - *4> 


(21.14) 

(21.15) 


A decoupled system can be derived by noting that the sum of the levels depends 
on the sum of the manipulated variables, whereas the difference between the levels 
depends on the difference between the manipulated variables. This is easily shown 



FIGURE 21.10 

Level process. 
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by adding and subtracting equations (21.14) and (21.15) to give 

a —' * — = + F1J - (Fi + Fi ) (21.16) 

L 'l> = {f ;, n _ p'.j _ 2K n (L\ - L\) - (F[ - F{) (21.17) 

Thus, a control design in which (L i + Li) and (Li — L 2 ) are controlled by adjusting 
(F\ + F 2 ) and (F\ — F 2 ), respectively, is decoupled. Note that (L\ + L 2 ) is non¬ 
self-regulatory, whereas (Lj — L 2 ) is a first-order system. A process application 
of this principle to distillation reboiler level and composition control is given by 
Shinskey (1988). 

This approach is not as widely applied as the approach based on manipu¬ 
lated variables, because it uses measured process output values in calculating the 
controlled variables. For this approach to function properly, all measured output 
variables should respond to adjustments in all manipulated variables with nearly 
the same dynamics so that the calculations are “synchronized.” This criterion is 
easily satisfied for the example in Figure 21.10, because levels respond rapidly, 
but it is not commonly satisfied for complex units. Control designs for distillation 
composition using these concepts have been reported (Weber and Gaitonde, 1985; 
Waller and Finnerman, 1987). 


Explicit Decoupling Calculations 

The third approach to decoupling is to retain the original manipulated and con¬ 
trolled variables and alter the control calculation, while retaining the multiloop 
structure. There are two common implementations of this approach. The “ideal” 
decoupling compensates for interactions while leaving the input-output dynamic 
relationships for the feedback controllers unchanged from their single-loop be¬ 
havior, Gu(s). While the concept is attractive, since controller tuning would not 
be affected by decoupling, experience has shown that the resulting system is very 
sensitive to modelling errors and generally does not perform well (Arkun et al., 
1984; McAvoy 1979); thus, it is not considered further. 

The “simplified” decoupling method presented here achieves a diagonal sys¬ 
tem by calculations that result in the interaction relationships between the controller 
outputs and controlled variables all being zero. Since it is not possible to eliminate 
the process interaction Gjj(s), the decouplers are designed to provide compen¬ 
sating adjustments that cancel the process effects of manipulations in MVy (s) on 
CV, (i) for i ^ j and thus yield independent, single-loop systems. The system is 
shown in Figure 21.11, with the decoupling transfer functions D,y(s) given by the 
following relationships: 

Decoupler: D u (s) = - 77^7 (21.18) 

Gu(s) 

The reader may recognize the decoupler as similar to the feedforward controller, 
which compensates for measured disturbances; here the measured disturbance is 
the manipulated variable adjusted by an interacting feedback controller. The reader 
is referred to Chapter 15 on feedforward control for the derivation of this equation 
and a discussion of the possibility of the decoupler being unrealizable. 
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FIGURE 21.11 

Block diagram of explicit decoupling. 
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When the process behavior can be modelled by first-order-with-dead-time 
transfer functions, the decoupler in equation (21.18) becomes 


D u (s) = 


K U 1 + T ‘> S c -(0n-0u)s 
Kji 1 + T jjS 


(21.19) 


Again, this is the same form as feedforward controllers. The decoupling calcu¬ 
lations in equation (21.19) can be implemented in digital form through the same 
procedures used with feedforward controllers in Chapter 15. 

The explicit decoupler completely eliminates interaction only when the model 
is perfect. The resulting transfer function can be derived through block diagram 
manipulation assuming perfect decoupling, equation (21.18). The perfectly de¬ 
coupled system is shown in Figure 21.12. Clearly, the “effective process” being 
controlled has changed because of the decoupling, and the controller tuning must 
be changed from single-loop values. Since the change in the “feedback process” 
transfer function is the inverse of the relative gain, the controller gain for the de¬ 
coupled system should be taken as (approximately) the product of the single-loop 
controller gain, calculated using Gu(s), and the relative gain. This will maintain 
the Gol CO. product of the controller and the “process” [AnG C ] (r)][Gn(i)/An], 
nearly constant, as a first approximation. 

Errors in the models used in the decouplers affect the accuracy of the de¬ 
coupling and, more seriously, affect the stability of the multiloop system. The 
sensitivity can be determined from an analytical expression of the performance as 
a function of the decoupler errors. The procedure to calculate the integral error in 
equation (21.7) can be applied to the closed-loop transfer function for the decou¬ 
pled system with modelling errors. To simplify the analysis, only the decoupler 
gains have errors, with £,• being a multiplicative error in the decoupler controller 
gain, Koij- The resulting expression for the performance is 


L 


00 


E\(t)dt = A||A 6 i € 2 


KdiTn l r_}_ Cgi ~ DKaiKn 
*ll*clJU» K d\ K 22 . 


( 21 . 20 ) 
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SP,(s) 


SP 2 (s) 



FIGURE 21.12 


Consolidated block diagram explicit decoupling with perfect models. (Reprinted 
by permission. Copyright © 1983, Instrument Society of America. From 
Interaction Analysis.) 


where 


* 12*21 
* 11 *22 


^•11 


1 

1 -K 


D u {s) = 


Gij(s) 

6i G n (s) 


Ki = 


1 — €jK 


Kle2 


1 

1 - 


€i = (1 for perfect model) 


Clearly, the error relative gain , A. e , e2 , plays a key role. As the decoupler errors in¬ 
crease, this factor and the integral error can become very large and the performance 
very poor. For processes with relative gains significantly greater than 1, even small 
decoupling errors can lead to very poor performance. For example, a small (5%) 
model error of 6/ = 1.05 in a decoupler applied to the distillation example with 
energy balance control (X = 6.09, tc = 0.836) would increase the integral error by 
about 100% over perfect decoupling! Thus, caution should be used when applying 
decoupling, since it requires model accuracies nearly impossible to achieve for 
real process systems with large relative gains. Similar results have been presented 
by McAvoy (1979), Shinskey (1988), and Skogestad and Morari (19876) using 
different analysis methods. 

Several simplifications are possible in this decoupling approach. First, the 
dynamic decouplers in equation (21.18) can be approximated by the gains when 
this is sufficient for good control. Typically, the steady-state approximation is 
acceptable when Djj(s) has a small dead time and nearly equal lead (numerator) 
and lag (denominator) dynamics. Note that this simplification does not reduce the 
sensitivity to model gain errors shown in equation (21.20). 

Also, decoupling can be simplified by using only one-way decoupling, with 
one Djj(s) = 0. This approach would be applied to improve the performance of 
the more important controlled variable. Sensitivity analysis shows that one-way 
decoupling is much less sensitive to model gain errors than full decoupling, which 
presumably leads to its more frequent successful application in practice (McAvoy, 
1979). 
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EXAMPLE 21.10. 

Determine the performance with decoupling for the energy balance distillation 
control system in Figure 21.1. The disturbance is a set point change of +0.01 to 
the top composition controller. 

The first question the engineer should ask is "Will error-free decoupling im¬ 
prove the control performance?" Recall that the magnitude of RDG • / time indicates 
the effects of interaction on multiloop controllers. Decoupling removes the effects 
of interaction, and the integral error will be the same as for a single-loop controller 
(i.e., with the other controllers in manual). Therefore, unfavorable interaction oc¬ 
curs when RDG ■ / W ne > 1 -0, and decoupling can be used in such cases to remove 
the unfavorable interaction. The information required is given in Table 21.4, which 
gives the values of 12.2 for X D and 0.0 for X B . Since the value for X D is so large, 
decoupling should be considered. 

The values for the decoupler can be determined from the linear model of the 
energy balance system and are as follows: 

D|i(s) = 0.893 g- (2 ~ 3 ' 3)I (not realizable) 

15s + 1 


* 0.893 


10.2s + 1 
15s+ 1 


(physically realizable) 


£> 2 i (s) = 0.930 


10.2s + 1 
11.75s + 1 


e 


—1.3* 


A dynamic response for this decoupled system to a set point change of 0.01 
in the top composition is given in Figure 21.13a, and the tuning values and per¬ 
formance are summarized in Table 21.6. This theoretically best decoupling per¬ 
formance is quite good, with a much lower IAE than the multiloop case reported 
in Table 21.2 (energy balance), although in this example the set point change 
has twice the magnitude. Note that both manipulated variables changed imme¬ 
diately when the set point was changed. The immediate change in MV, is from 
the controller G ci , while the immediate change in MV 2 is from G c iD| 2 , so that 
the decoupler acts before the controlled variable X B is disturbed. Again, the 
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0 300 


Time 

(a) 



(M 


FIGURE 21.13 

Explicit decoupling in distillation control, Example 21.6: (a) based on a perfect model; ( b ) with 15% 
gain errors in decouplers. (Scales: One tick = 0.02 for X D and X B , 0.50 for F R , 0.30 for Fy.) 
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Summary of decoupling Example 21.10 
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Case 

K el 

Tn 

Kc2 

Tn 

^012 

K D2 l 

IAE, 

iae 2 

Exact gains 

60 

9 

-50 

6.1 

0.893 

0.930 

0.118 

0.006 

15% gain 

60 

9 

-50 

6.1 

1.027 

1.07 

Unstable 


errors 











similarity to feedforward is apparent, because the decoupler bases an adjustment 
in a process input on another process input. 

However, the engineer must also consider the sensitivity to modelling errors. 
This decoupled system will become unstable for errors of about 10% in both de¬ 
coupler gains; an example with 15% errors is given in Figure 21.13b, which shows 
the instability. No amount of detuning (short of K cl = 0) in the feedback controllers 
will stabilize this response. Although the decoupler theoretically could improve 
performance, it is doubtful that sufficient model accuracy is generally available to 
use simplified (two-way) decoupling for processes with large relative gains. 


With perfect decoupling, it is theoretically possible to improve control per¬ 
formance by reducing unfavorable interaction through decoupling as well as to 
degrade control performance by misapplying decoupling to a system that has fa¬ 
vorable interaction. Decoupling should be considered only after an analysis of 
the relative disturbance gain has established that interaction is unfavorable for 
the expected disturbances and that performance with decoupling is not extremely 
sensitive to model errors. 


• Decoupling improves control performance only when process interaction is 
unfavorable, so favorable interaction should not be reduced by decoupling. 

• The stability and performance of full decoupling can be very sensitive to model 
errors when the relative gain is greater than i. One-way decoupling has much 
lower sensitivity to model errors. 


An important observation is that greater control system complexity does not 
always lead to better performance! 


21.6 □ MULTILOOP CONTROL PERFORMANCE THROUGH 
ENHANCEMENTS: SINGLE-LOOP ENHANCEMENTS 

Many enhancements were presented in Part IV to improve the performance of 
single-loop control systems. These methods are also widely applied to the control 
of multiloop systems, as will be covered in more depth in Part VI, but a brief 
example is presented here to complete the methods for achieving good multiloop 
performance. The distillation tower in Figure 21.14 has multiloop control of the 
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Multiloop distillation control with single-loop 

enhancements. 


Additional Topics in 
Multiloop 
Performance 


two product compositions. In addition, the control performance is enhanced by 
inferential tray temperature control, which could provide a surrogate variable for 
control when the top analyzer provides an infrequent feedback measurement. Also, 
the reboiler utility and reflux flows have cascade control to reduce disturbances that 
result from changes in supply pressures. Other enhancements, such as feedforward, 
could be included as needed. 

21.7 □ ADDITIONAL TOPICS IN MULTILOOP PERFORMANCE 

The material in Chapters 20 and 21 presents only an introduction to the advances 
made in meeting the daunting challenges of multiloop control. The following 
subsections introduce a few selected additional topics. 

Regulatory Control 

Examples 21.2 and 21.3 on distillation control demonstrated that the regulatory 
control loops influence the composition control performance. An excellent control 
design objective is to select regulatory designs giving manipulated variables that 
simultaneously reduce transmission interaction (i.e., make the relative gain close 
to 1) and improve the disturbance rejection capability of the system (i.e., make 
the magnitude of the relative disturbance gain small). An example of such an 
approach is the simple distillation design developed by Rhyscamp (1980), which 
has proved remarkably successful on two-product distillation towers (Stanley et 
al., 1985; Waller et al., 1988). When simple regulatory loops do not provide these 
advantages, calculated variables can sometimes be derived that potentially improve 
multiloop performance (Haggblom and Waller et al., 1990; Johnston and Barton, 
1987); however, the sensitivity of these approaches to model errors has not been 
fully evaluated. 
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Integrity: Integral Stabilizability and the Niederlinskl Index 

As already discussed in Section 21.3, the integrity of a multiloop control system 
is an important property that is influenced by decisions on loop pairing. Here, a 
further test for acceptable closed-loop behavior is presented; like the relative gain, 
this test can be performed with minimal information about the system, i.e., steady- 
state process gains. For this test, we consider multiloop controllers with integral 
modes, a very common situation in practice. 


For integrity, we want the control system to have the following property, which we 
term integral stabilizability: stable control can be achieved when the signs of the 
controller gains are the same for (1) the single loop situation (with all other loops in 
manual) and (2) the multiloop situation (with all other loops in automatic). 


We begin the test by arranging the steady-state process gain matrix so that the loop 
pairings involve the 1—1,2-2,.... n-n diagonal elements in K; note that this step 
only changes the variable order in the model. Then, the following calculation is 
performed to evaluate the integral stabilizability of the plant with the proposed 
loop pairing: 


( \ 


If NI = 


detK 


n 



< o 


the system is not integral-stabilizable 


Only control designs with the Niederlinski index NI > 0 should be considered 
further; those with NI < 0 should be excluded. 


This test is sufficient but not necessary for lack of integral stability, which is un¬ 
acceptable behavior. (The condition is necessary and sufficient for 2 x 2 systems.) 
The proof of this condition and limitations on the plant dynamics for its appli¬ 
cability are presented in Grosdidier et al. (1985). Further results on integrity can 
be found in Grosdidier et al. (1985), Chiu and Arkun (1990), Morari and Zafiriou 
(1989), and Campo and Morari (1994). 

Loop Pairing 

Some alternative guidelines for loop pairings have been published by Yu and 
Luyben (1986), Economou and Morari (1986), and Tzouanas et al. (1990). The 
selection of the final design, after many alternatives have been eliminated using 
methods in this chapter and references, relies on experience with similar units or 
dynamic simulation. 




Robustness 
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The models used in control design never exactly match the true process behavior, 
and this factor would normally influence the performance of the system. While this 
issue could be addressed with simple assumptions and reasonable computation for 
single-loop systems, multiloop systems involve many more model parameters, all 
of which can be in error. Errors are introduced through empirical identification and 
as a result of changes in plant operation, such as flow rates and reactor conversions. 
Thus, the parameter errors in linearized models are not independent; that is, they 
have structure that must be considered in the analysis of robustness. The importance 
of robustness was discussed clearly by Doyle and Stein (1981) and is covered in 
Skogestad and Morari (1987b) and extensively by Morari and Zafiriou (1989). 


Conclusions 


Dynamics 

The results of Example 21.4 demonstrated the importance of considering inter¬ 
acting dynamics. The frequency-dependent relative gain was introduced in the 
previous chapter to evaluate interaction near the closed-loop critical frequency, 
and it has been shown that reliance only on steady-state analysis measures can 
result in good designs being improperly eliminated (e.g., Skogestad et al., 1990). 
Any predictions of control performance using the methods introduced in this chap¬ 
ter should be validated with a simulation of the closed-loop response. Since the 
design procedures usually result in a few candidates and simulation software is 
readily available, this final step should take little engineering effort. 


21.8 0 CONCLUSIONS 

The main result of Chapters 20 and 21 is the evaluation of the key effects of 
interaction on multiloop control. All of the factors that affect single-loop control 
affect multiloop control in similar ways. Table 21.7 summarizes the effects of 
interaction on performance. 

In this chapter, methods have been presented for achieving good control per¬ 
formance in multiloop systems through variable pairing, tuning, and simple en¬ 
hancements. The methods have demonstrated that no single control performance 
predictor is available; for example, control strategies with relative gain values near 
1.0 may not perform well for the disturbances of greatest importance. Even using 
the relative disturbance gain alone can lead to improper designs. For example, 
the pairing and tuning of a multiloop strategy can be selected to give better per¬ 
formance for a specific controlled variable (or variables) of particular importance 
over other variables of much less importance. Thus, the multiloop strategy must 
be selected with careful attention to the control objectives and process dynamic 
responses. 

The flowchart in Figure 21.15 gives a procedure by which the analysis meth¬ 
ods presented in this chapter can be applied to a 2 x 2 system analysis. Naturally, 
the control objectives must first be defined; then the necessary process informa¬ 
tion must be developed. The minimum information includes all steady-state gains 
as shown in Table 21.4 and some semiquantitative information on the relative 
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dynamics between the manipulated and controlled variables is needed to select 
pairings based on dynamics and calculate the tuning factor. Finally, dynamic mod¬ 
els, at least linear transfer functions and perhaps nonlinear models, are required if 
simulation verification is performed. 

In the first step in the flowchart, the process is screened for the feasibility 
of multiloop control through evaluation of the controllability and operating win¬ 
dow; if multivariable control is not possible, a different selection of variables or 
a process equipment modification is required. The first decision in the flowchart 


TABLE 21.7 

Effects of interaction on multiloop performance 


Issue Measure 


Comments 


Feasibility of 
feedback control 


Performance and 
integrity 


Stability and 
tuning 


Performance 


Enhancements 


1. det K 5 * 0 


2. Specified set points can be 
achieved for expected 
disturbances 

1. For n x n, not integral-stabilizable 
if 

/ \ 

detK 

-— <o 

l n k „ ) 

\;=i / 

For 2x2, not integral-controllable if 

a ,, 7 < 0 

2 . \jj > 0 


For 2x2, Xu 


Relative disturbance gain (RDG) 


1. Independent relationships exist 
between manipulated and controlled 
variables 

2. Manipulated variables have sufficient 
range; i.e., the process has sufficient 
capacity 

1. Niederlinski criterion (or RGA for 2x2) 
used to evaluate whether controllers with 
integral modes can stabilize both single 
and multiloop systems without changing 
sign of controller gains 


2. Usually, pairing selected that functions 
in single-loop and multiloop. (x, 7 = 0 or 
kjj < 0 sometimes acceptable) 
Interaction influences the characteristic 
equation, so it influences stability. 
Controller tuning must be modified 
for single-loop, usually detuned. 

Pairings are selected to reduce 
unfavorable interaction (|RDG||A: (/ | small) 
and provide fast feedback dynamics for 
important loops. 

Designs, such as cascade and 
feedforward, that reduce the effects of 
disturbances are always beneficial. 
Decoupling can be used to reduce the 
effects of unfavorable interaction 
(|RDG| > 1) when the transmission 
interaction (RGA) is not too large 
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Ensure controllability and 
operating window 



FIGURE 21.15 

Flowchart for selecting 2x2 pairing and tuning. 


Conclusions 


is whether both controlled variables are of equal importance. If one is of much 
greater importance, the left branch is taken. The important controlled variable is 
paired with the manipulated variable that provides the fastest feedback dynamics 
(along with satisfactory range) if a significant difference exists. A check is made 
to determine whether the controlled variable can be improved (through faster dy¬ 
namics) by pairing it with a manipulated variable giving a zero relative gain; this 
step would be taken only in unusual situations in which the controlled variable is 
extremely important. After pairing has been selected, the control loops are tuned. 
Since the left-hand path is for unequal control priorities, the more important loops 
should be tuned to retain favorable interaction and reduce unfavorable interaction, 
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and the less important loops should be tuned in a manner consistent with improv¬ 
ing the overall performance and maintaining stability. Decoupling would probably 
not be considered, because detuning alone would reduce the effects of unfavorable 
interaction. 

If the controlled variables are of equal importance, the pairings should be 
selected according to the analysis of the relative disturbance gain. If substantial 
unfavorable interaction remains, consideration would be given to decoupling, es¬ 
pecially one-way decoupling to prevent the sensitivity problems encountered with 
two-way decoupling when the process has a large relative gain. Finally, the con¬ 
trollers would be tuned using methods described in Chapter 20. This procedure 
can lead to a good multiloop control strategy for the given process. 

The concepts and methods presented in this chapter can be applied to a mul¬ 
tiloop system of any order. However, the equations for the relative disturbance 
gain in this chapter are limited to a 2 x 2 system; they have been extended for 
higher-order systems by Skogestad and Morari (1987a), who also introduce an 
alternative measure of multiloop performance. 

Finally, this approach often, but not always, provides satisfactory performance. 
However, depending on factors such as the feedback dynamics and the disturbance 
type, magnitude, and frequency, situations exist in which no multiloop feedback 
design provides acceptable dynamic performance. Other steps for improving con¬ 
trol performance include multivariable control, which is covered in Chapter 23, 
and process alterations. 
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ADDITIONAL RESOURCES 

The “valve position” controllers introduced in the next chapter involve pairing on 
zero relative gain. In addition, a few examples of control designs with pairings on 
zero steady-state relative gains are given in McAvoy (1983) and in 
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Finco, M., W. Luyben, and R. Pollack, “Control of Distillation Columns with 
Low Relative Volatility,” I EC Res., 28, 76-83 (1989). 

CHAPTER 21 

MuitUoop Control: In addition to Shinskey (1988), example multiloop control designs are pre- 

Performance Analysis sented in 

Balchen, J., and K. Mumme, Process Control: Structures and Applications, 
Van Nostrand Reinhold, New York, 1988. 

Additional results for systems with complex interactive dynamics (e.g., inverse 
responses), are given in 

Holt, B., and M. Morari, “Design of Resilient Process Plants: VI The Effect of 
Right Half Plane Zeros on Dynamic Resilience,” CES, 40, 59-74 (1985a). 
Holt, B., and M. Morari, “Design of Resilient Process Plants: VII The Effect 
of Dead Time on Dynamic Resilience,” CES, 40, 1229-1237 (19856). 


The methods in Chapters 20 and 21 can be applied in sequence, as shown in Figure 
21.15, to eliminate poor alternatives, rank likely performance of feasible designs, 
and evaluate the appropriateness and sensitivity of decoupling. This analysis is based 
on quantitative analysis of the linearized system. 


QUESTIONS 

21 . 1 . The following transfer functions were provided by Wood and Berry (1973) 
for a methanol-water separation in a distillation column similar to Figure 
20.3. The products are expressed as mole % light key, and the reflux F R , 
the reboiler steam F s , and the disturbance feed flow F are in lb/min; time 
is in min. 
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Answer the following questions for the feed flow disturbance. 

(а) Determine whether the input-output combination is controllable. 

( б ) Determine whether either loop pairing can be eliminated based on the 
sign of the relative gains (A.y > 0). 

(c) Select the loop pairing based on an estimate of the control perfor¬ 
mance. 

( d ) Determine the initial tunings for PI controllers for the best loop pairing. 
Answer this question for (1) the two product compositions of equal 
importance and ( 2 ) the top product quality more important. 

(e) Discuss whether decoupling is recommended and if so, design the 
decoupler. 

if) Discuss whether feedforward compensation would improve the control 
performance and if so, design the feedforward controller. 




(g) The model was determined from empirical identification experiments. 699 

Discuss the likely errors in the model and the effects of these errors on iiiiwiHBMMMiB 

the design conclusions. Questions 

For (c) through (/), compare the multiloop control performance for each 
controlled variable with its single-loop performance. 

21.2. (a) Derive the expressions for the relative disturbance gain (RDG i) and the 

integral error (/ E\ dt ) for the following inputs (1) ASP|, (2) ASP 2 , 

(3) a disturbance that has the same transfer function as MVi, and 

(4) a disturbance that has the same transfer function as MV 2 . 

( b ) Relate the value of the relative disturbance gain, RDGi, to the ratio 
of changes in the manipulated variable for single-loop and multiloop 
control, (AMV|)ml/(AMVi)sl. to the same disturbance. 

(c) Why is the magnitude, not the value, of the RDG used in evaluating 
performance? 

(d) Is the RDG scale-dependent? 

21.3. For a 2 x 2 control system with PID controllers and decoupling, write the 
equations for digital implementation of all control equations, or provide a 
sample computer program. 


21.4. A linear transfer function model of a chemical reactor was determined by 
Foss et al. (1980) and simplified by Marino-Galarraga et al. (1987a). The 
reaction of oxygen and hydrogen over a catalyst occurs in two beds, with 
cold hydrogen quench added between the beds. The reactor is shown in 
Figure Q21.4, and the model is given below. The units are composition in 
mole%, temperatures in °C/167.4, flow in L/min/13.5, and time in sec/87.5. 
Assume that both controlled variables are of equal importance. Answer the 
following questions for two cases: (1) the input perturbation is a set point 
change to the composition controller and (2) the input perturbation is a 
change to the cooling medium temperature, so that the disturbance transfer 
function is the second column of the following matrix (the same effect as 
a change in the manipulated quench temperature). 

I" —2.265e -1 ' 326 ' 0.746 <? _2 ' 538v 1 


'T{s) 1 

0.7865 + 1 

0.092s + 1 

’Fq{s)' 

.C(s) J 

1.841 e~ 0M5s 

-0.654e"°- 78fo 

Jq(s), 


L 0.917s+ 1 0.870s+ 1 J 

(a) Determine whether the input-output combination is controllable. 

(b) Determine if either loop pairing can be eliminated based on the sign 
of the relative gains. 

(c) Select the loop pairing based on an estimate of the control performance. 
( 1 d ) Determine the initial tunings for PI controllers for the best loop pairing. 

Answer this question for (1) the temperature and product composition 
of equal importance and (2) the temperature more important. 

(e) Discuss whether decoupling is recommended and if so, design the 
decoupler. 

( f) Discuss whether feedforward compensation would improve the control 
performance and if so, design the feedforward controller. 


0 2 and H 2 



FIGURE Q21.4 
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For (c) through (/), compare the multiloop control performance for each 
controlled variable with the single-loop performance. 

21.5. Two physical systems with exactly the same equipment structure, pressures, 
and flow rates in Figure Q21.5 are considered in this question. The only 
difference is that in system ( a ) phase I is a liquid (this is a decanter), whereas 
in system ( b ) phase I is a vapor (this is a flash drum). You may assume that 
the flows are proportional to the square root of the pressure drop and the 
valve % open; the valves are all 50% open at the base-case conditions. The 
three valves are available for manipulation, and three controlled variables 
are shown as sensors. The following additional information is provided 
about the variability of the process operation: the feed flow is 1400 to 2600 
L/min, the percent overhead material in feed is 1 to 5%, and the external 
pressures are essentially constant. Select the best control loop pairing and 
discuss the differences, if any, between the results for systems (a) and ( b ). 



21.6. Answer the following questions. 

(a) Is there a feedback control system for system B2 in equation (21.6) 
that will prevent the inverse response? 

( b ) For system B1 in equation (21.5), can the multiloop feedback system 
experience an inverse response with two PID controllers? 

(c) Values of the relative disturbance gain (RDG) can be related to the 
change in the manipulated variables under multiloop control. Deter¬ 
mine the value of AMV i for a disturbance and relate this to RDG|. 

( d ) Is it possible to have a relative gain 1.0 and a large RDG? 

(e) Is it possible to have no interaction of any type (e.g., Kn = £21 = 0) 
and have a large RDG? 

(f) Feedforward control can be applied on a multiloop system. Modify the 
calculation of the relative disturbance gain (RDGi) and the integral 
error (/ E\dt) for various feedforward control designs (feedforward 
to MV 1 only, to MV 2 only, and to both) using the same disturbance. 

(g) The relative disturbance gain provides the ratio of multiloop to single¬ 
loop performance. Discuss how to use this information when compar¬ 
ing the performance of two designs with different single-loop perfor¬ 
mances. 



701 


21.7. The outlet temperature of the process fluid and the oxygen in the flue gas 
can be controlled in the fired heater in Figure Q20.10 by adjusting the fuel 
pressure (flow) and the stack damper % open. A dynamic model for the 
fired heater in Figure Q20.10 was reported by Zhuang et al. (1987) and is 
repeated here. 



0.6 -0.04 -| 

2400s 2 + 855+1 3000s 2 + 90s + 1 [ P* p (s) 1 

- 1.1 0.30 L V 2 (s) J 

70s + 1 705 + 1 -J 


The inputs and outputs are in percent of the range of each instrument, and 
the time is in sec. 

( a ) Determine whether the input-output combination is controllable. 

(b) Determine whether either loop pairing can be eliminated based on the 
sign of the relative gains. 

(c) Determine whether decoupling will improve the control performance. 
(< d ) Determine the PI controller tuning for the best multiloop control, with 

or without decoupling. 

21.8. The following transfer functions were provided by Waller et al. (1987) for 
a distillation column. System I was similar to Figure 20.3 except that the 
controlled product compositions were not measured directly; they were 
inferred from tray temperatures (°C) near the top, T 4 , and near the bottom, 
7 , 4 , trays. System II had the distillate/(distillate + reflux) as a manipulated 
variable rather than the reflux; this is designated as R. The flows are in 
kg/h; time is in min. Answer the following questions for both systems (the 
same process with different regulatory control designs) and compare the 
results. 


System I: Energy balance regulatory control 
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System II: Modified regulatory control; R = Fd/(F d + F R ) 
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(a) Determine whether the input-output combination is controllable. 

(b) Determine whether either loop pairing can be eliminated based on the 
signs of the relative gains. 

(c) Select the loop pairing based on an estimate of the control perfor¬ 
mance. 

( 1 d ) Determine the initial tunings for PI controllers for the best loop pairing. 
Answer this question for (1) the two product compositions of equal 
importance and ( 2 ) the top product quality more important. 


Questions 
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(e) Discuss whether decoupling is recommended and if so, design the 
decoupler. 

(f) Discuss whether feedforward compensation would improve the control 
performance and if so, design the feedforward controller. 

For (c) through (f ), compare the multiloop control performance for each 
controlled variable with the single-loop performance. 

21.9. (a) The limit for the integral error of a decoupled system in equation 
(21.20) as the gain errors approach zero is Xi i Kd\ Ti \/K C \K \\. Explain 
why this differs from equation (21.9). 

(Jb) Explain why the gain decoupler errors in Example 21.10 lead to an 
unstable system. (Hint: Consider the relative gain or Niederlinski cri¬ 
terion for the system with decouplers.) 

(c) Derive the expression in equation (21.20) for the integral error for a 
2x2 multiloop system with PI controllers and decouplers, with gain 
errors in the decouplers. 

21.10. The process with two series chemical reactors in Example 3.3 is consid¬ 
ered in this question. The process flexibility is increased by allowing the 
temperatures of the two reactors to be manipulated independently. The two 
controlled variables are the concentrations of reactant A in the two reactors. 
The rate constant can be expressed as 5.87 x 10 5 e —5000/3 " (with temperature 
in K), and the disturbance is feed composition, C A o- 

(a) Determine whether the input-output combination is controllable. 

(b) Determine whether either loop pairing can be eliminated based on the 
signs of the relative gains. 

(c) Determine whether decoupling could improve the dynamic perfor¬ 
mance, especially if the most important controlled variable is the con¬ 
centration in the second reactor. 


21.11. Doukas and Luyben (1978) reported the transfer function model for the 
distillation column with a side stream product, shown in Figure Q21.11. 
The feed contains benzene (B), toluene (T), and xylene (X). The controlled 
and manipulated variables are given in the figure, with the benzene in the 
side stream of much less importance than the other controlled variables. 
The linearized transfer function model is 
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For this system, determine the best loop pairing by following the method 
in Figure 21.15. 


21.12. Design an improved control system to improve the dynamic performance 
of the composition in the fuel system in Figure 21.7 when 
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FIGURE Q21.11 


Questions 


(a) A measurement of the total fuel flow to the consumers is available. 

(b) A measurement of the gas fuel (L) is available. 

21 . 13 . Calculate the controller tuning for the blending system in Table 21.1 with 
A\ = 0.95. Discuss which loop pairing would be preferred. 

21 . 14 . ( a ) Derive the closed-loop transfer function for a 2 x 2 system with de¬ 

coupling. 

( b ) From the result in (a), determine whether one-way decoupling influ¬ 
ences the stability of the closed-loop system. 

21 . 15 . The series of well-stirred chemical reactors with equal volumes shown in 
Figure Q21.15 is to be controlled. The controlled variables are the temper¬ 
ature and reactant concentration in the third reactor, and the manipulated 
variables are the inlet concentration set point and the cooling valve V 2 . The 
chemical reaction is first-order, the rate constant has an Arrhenius rela¬ 
tionship with temperature, and the heat of reaction is negligible. The heat 
exchanger dynamics are negligible. For this example, the concentration 
is much more important than the temperature, but both should have zero 
steady-state offset for a steplike disturbance. Design the loop pairings and 
tuning and discuss the rationale for the design. 

21.16. Answer the following questions for two physical processes: (1) the chem¬ 
ical reactor described in Section C.2, and (2) the same chemical reactor 
with no heat of reaction, A// rxn = 0. Both processes have two feedback PI 
controllers: T F c and Ca -» Cao (with the feed flow unchanged). 

(a) Does process interaction influence the stability of the closed-loop sys¬ 
tem? Provide quantitative analysis to support your conclusion. 

(b) Does process interaction influence the dynamic performance (behav¬ 
ior) of the closed-loop system? Explain your answer briefly. 

21 . 17 . Design feedforward controllers for the distillation column under energy 
balance control, described by equation (21.1), for a measured disturbance in 
feed composition. Design the feedforward controller for the two following 
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situations, discuss the differences in the results, and discuss the implications 
for application of each. 

(a) The distillate composition Xp is to be maintained constant, and the 
bottoms composition X B is not controlled and may vary. 

( b ) The distillate composition X D and the bottoms composition X B are 
both to be maintained constant via the feedword controller. 



Variable- 
Structure and 
Constraint 
Control 



22.1 a INTRODUCTION 

To this point we have made the assumption that the multivariable process has 
the same number of manipulated and controlled variables. This situation is often 
referred to as a square ornxn system. Square systems are typical, because we 
consider dynamic behavior and control when designing plants and provide suffi¬ 
cient manipulated variables for at least the most important controlled variables. 
However, it is often the case that, due to process limitations and overriding con¬ 
trol objectives, the number of manipulated and controlled variables are not always 
equal, and control approaches are needed to address these situations. 

In this chapter, situations will be considered in which the number of manip¬ 
ulated variables is greater than or less than the number of controlled variables. 
When an excess of manipulated variables exists, the controlled variables can be 
returned to their set points at steady state by many combinations of the steady-state 
manipulated variables. Thus, the control system should operate the process in the 
most economical manner, in addition to providing good dynamic performance. 
When an excess of controlled variables exists, not all controlled variables can be 
maintained at their set points simultaneously. However, the control system can be 
designed to maintain the most important controlled variables at their set points. 

The branch of process control that addresses these situations is known as 
variable-structure control. In this chapter, methods based on single-loop control 
algorithms are presented that provide the ability to change the input-output pairings 
of selected loops automatically. These methods are easy to design and simple 
to use and are therefore widely applied in practice. However, they are normally 
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FIGURE 22.1 


Split range pressure control. 


restricted to cases with limited dimensionality, such as one manipulated and several 
controlled variables or several manipulated variables and one controlled variable. A 
method that can address higher-dimensional structures, as well as square problems, 
is presented in the next chapter. 

First, split range control systems are presented for processes with excess ma¬ 
nipulated variables. Then, signal select control systems are presented for processes 
with excess controlled variables. In each section, examples demonstrate typical 
reasons for variable structure control, along with implementation guidelines. Fi¬ 
nally, a few applications of constraint control are provided; these demonstrate the 
combined application of split range and signal select, along with some frequently 
used extensions, such as multiple controllers with different set points and valve 
position controllers. 

22.2 m SPLIT RANGE CONTROL FOR PROCESSES 
WITH EXCESS MANIPULATED VARIABLES 

The concept of split range control will be introduced through the example process 
in Figure 22.1. In this process, the flows of gaseous fuels from two sources are 
adjusted to control the pressure of a header, which is a pipe from which fuel 
is distributed to many consumers. The flow to the consumers is determined by 
many independent processes and cannot be adjusted to control the pressure. The 
following simple model of the (well-mixed) gas header system can be used to 
evaluate the degrees of freedom: 


v^ = F A c A0 -F OM c A 

(22.1) 

= FbCbo - FoutCB 
dt 

(22.2) 

Fa — K^vaJ ——— 

V PA 

(22.3) 

Fb = KaVbJ^—^ 

V PB 

(22.4) 

(VC A + VC B )RT 

V 

(22.5) 


Variables 

External variables 

Constants 

P 

Foul 

R 

Fa 

T 

V 

F b 

Pa 

K a 

c A 

Pb 

Kb 

Cb 

Cao 

Pa 

v A 

Cbo 

Pb 






The model could be improved by including nonlinear valve characteristics and a 
nonideal gas law, but the model of this resolution is sufficient to demonstrate the 
degrees-of-freedom analysis. There are 5 equations and 7 variables; thus, the sys¬ 
tem is not specified. For this system to be specified, values for two input variables, 
i> A and i>b, should be defined. In this example, the prices of the two fuels are not 
equal; fuel A has a lower price than fuel B. Therefore, the control system should 
automatically adjust the valves so that as much of fuel A as possible is consumed 
before any fuel B is consumed, while providing good control of the pressure. 

The split range control system in Figure 22.1 achieves the desired behavior in 
a simple manner. The pressure in the header is measured and used as the controlled 
variable to a standard PI feedback control algorithm, which has a single calculated 
output signal, x. This signal is sent to both control valves, but these valves are cali¬ 
brated to open or close differently from the standard control valves. To achieve the 
desired behavior, the controller and valves obey the behavior defined in Table 22.1 
and shown in Figure 22.2. 

With this modification, the control equations become, for controller output 
x < 50%, 

** " 2 {* n + ( 22 . 6 ) 

1>B = 0.0 
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TABLE 22.1 

Typical valve adjustments for split range control 

Percent opening 

Controller output Pressure to valve Valve A Valve B 

0-50% 3-9 psig 0-100% 0% 

50-100% 9-15 psig 100% 0-100% 



FIGURE 22.2 

Fixed ranking of valve adjustments for split range. 
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v A = 100 

t>B = -100 + 2 [tf c ^(P sp - p ) + jrJ Q - P)dt + / 

Note that either set of two equations introduces no dependent variables and one 
external variable, Psp, along with the controller tuning constants. The combination 
of the controller equations, either (22.6) or (22.7), with equations (22.1) through 
(22.5) results in a system with 7 equations and 7 variables. Thus, the process 
and control system is completely defined when the pressure set point has been 
specified. 

Split range control is depicted in the process diagram in Figure 22.1. The 
fixed relationship between the controller output and the position of the two valves 
is shown in Figure 22.2. As the controller output initially begins to increase from 
0%, the valve in the less expensive fuel line opens, while the valve in the more 
expensive fuel line remains closed. When the controller output reaches 50%, the 
fuel A valve is fully open, and the fuel B valve is closed. When the controller 
output continues to increase beyond 50%, the fuel A valve remains fully open, and 
the fuel B valve opens. 

The behavior of the control system is given in Figure 22.3. The initial situation 
has a low total fuel demand, so that the pressure controller manipulates only the 
fuel A valve. At time 30, an increase in the fuel consumption occurs; the pressure 
in the header initially decreases; and the controller output increases. The fuel A 
valve is adjusted until the pressure is returned to its set point. At time 110 another 
increase in consumption occurs. The pressure controller responds by increasing 
its output. In this situation, valve A reaches its limit of 100%; then the fuel B valve 
is opened until the pressure is returned to its set point. This example demonstrates 
that the split range controller can smoothly adjust the two valves to maintain the 
controlled variable at the set point, while minimizing the cost of the fuel consumed. 

Several important implementation issues arise in applying split range control. 
In principle, the concept of split range can be extended to any number of manip¬ 
ulated variables. However, there is a limit on how accurately a control valve can 
be adjusted. Therefore, split range is normally limited to two, or three at most, 
manipulated variables. Also, a feedback control system could tend to cycle if it 
had a “dead zone” in which neither valve is adjusted. To prevent this situation 
arising from inaccurate valve calibrations, the valves are normally calibrated to 
have an overlap (e.g., 0 to 55% and 45 to 100%). 

Typical behavior can be easily implemented by a simple calibration of standard 
control valves, which has essentially no cost implication. Recall that the signal to 
the single-loop control valve is normally 3 to 15 psig, which relates to 0 to 100% 
of the controller output signal,’ respectively. 

Another important issue is the stability and tuning of the control system. Note 
that the feedback process dynamics change when the controller output crosses the 
50% value, as shown in Figure 22.4. Therefore, the controller tuning should remain 
constant only if the process dynamics for the two closed-loop paths are the same 
or similar; that is, if G vA (s)G pA (s) « Gvb(s)G p bCs). If the closed-loop dynamics 
are significantly different, the controller tuning should be changed automatically 
by the control system. The controller tuning could be switched based on the value of 
the controller output, using one set of tuning constants for controller output values 


(22.7) 
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FIGURE 22.3 

Dynamic response of split range control system. 
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Value of MV Characteristic equation 


0-50% 1 + G l>A (s)G vA (s)G c (s)G s (s) = 0 

50-100% 1 + G pB (s)G vB (s)G c (s)G 5 (s) = 0 

FIGURE 22.4 

Schematic of split range control. 


TABLE 22.2 

Split range control criteria 

Split range control is possible when 

1. There is one controlled and more than one manipulated variable. 

2. There is a causal relationship between each manipulated variable and the controlled variable. 

3. The proper order of adjusting the manipulated variables adheres to a fixed priority ranking. 


of 0 to 50% and another set of tuning for 50 to 100%. This retuning approach is 
another application of the adaptive tuning method referred to in Section 16.3 as 
deterministic modification of controller tuning. 

In conclusion, split range control is widely applied to processes with excess 
manipulated variables. The general criteria for split range control are summarized 
in Table 22.2. The feedback controller can use one tuning if the dynamics for all 
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feedback paths are similar. If the dynamics are significantly different, the feedback 
controller must be (1) detuned to be stable without excessive oscillations for all 
situations or (2) retuned automatically via programmed modification. 


22.3 m SIGNAL SELECT CONTROL FOR PROCESSES 
WITH EXCESS CONTROLLED VARIABLES 



Example of signal select with two 
controllers. 


Often, many control objectives exist for a process, and not all of these can be 
satisfied simultaneously. As an example, consider the chemical reactor shown 
in Figure 22.5, which has control objectives to maximize conversion while (1) 
maintaining the reactant composition in the effluent at or above a value (CA)min 
and (2) preventing the reactor temperature from exceeding T max . Each of these 
control objectives can be satisfied individually by adjusting the cooling medium 
flow rate. The engineer must determine the relative importance of the control 
objectives and design a control system that satisfies the priority ranking. 

A signal select control strategy to implement this ranking is shown in Fig¬ 
ure 22.5. An individual controller is implemented for each measured controlled 
variable, and the output signals from the two controllers are sent to a signal select 
element. 


The output of a signal select is either the minimum (low signal select) or maximum 
(high signal select) value of all inputs to the signal select. 


In the example, the proper element is a low signal select, since the largest flow 
of cooling medium is preferred and the valve is fail-open. (Selecting the lowest 
signal to the cooling medium valve ensures the largest coolant flow.) The output 
of the signal select is sent to a control valve, as in this case, or can be sent to the 
set point of a secondary controller in a cascade system. 

Again, the degrees of freedom of the control system should be analyzed. The 
equations that define the process and the control calculations for the example are 
as follows: 

= F (C A0 - C A ) - Vk 0 e~ E ' RT C A (22.8) 

dT 

VpCp ~dt = FpC P (Jo ~ T) ~ UA(T - Tc) + (-A//rxn )Vk 0 e~ E/RT C A (22.9) 


MV 


= K c , [(C Asp - C A ) + jr J\c Asp - C A ) dt' j + I 
MV 2 = K c2 [Vsp - T) + j-- J\t sp - T) dt 'J +1 

UA = f(v) 


( 22 . 10 ) 

( 22 . 11 ) 

( 22 . 12 ) 


v = min(MVi, MV 2 ) 


(22.13) 
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Signal Select Control 
for Processes with 
Excess Controlled 
Variables 


The system has 6 equations and 8 variables; thus, the system behavior is defined 
when two variables, Casp and Tsp. have been specified (i.e., are shifted to external 
variables). To achieve the objectives in this example, the set points must be set to 
the limiting values for these variables [i.e., Ca sp = (CA)min and T sp = T max ]. 

Depending on the operating conditions of the chemical reactor (e.g., feed com¬ 
position, temperature, concentration of reaction inhibitors), either of the controllers 
could be selected to manipulate the cooling medium valve. Dynamic responses for 
two feedback systems are given to demonstrate the effect of the signal select. 
The initial steady-state conditions of the system result in the outlet composition 
being at its set point (minimum value) and the temperature being below its set 
point (maximum value). After a short initial period of steady operation, reaction 
inhibitor is introduced with the feed, causing the reaction rate to decrease. The 
first response involves the reactor system with only composition control (and no 
temperature control), so no signal select exists. As shown in Figure 22.6 a, the 



FIGURE 22.6 



Reactor disturbance response: (a) with only composition control; ( b ) with signal select design. 
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composition controller reduces the coolant flow to increase the reaction rate. The 
control system returns the composition to its set point, but it increases the reactor 
temperature above its maximum value. 

The second response involves the same reactor and disturbance but with the 
signal select control design shown in Figure 22.5. The dynamic response is given 
in Figure 22.6 b. Initially, the temperature is below its maximum limit, and the 
composition of product in the effluent is at its set point. Since the temperature 
controller is sending a higher signal (to increase the temperature) than the compo¬ 
sition controller, the output of the composition controller is initially selected. In the 
initial response to the disturbance, the coolant is decreased by the concentration 
controller until the reactor temperature reaches its maximum value: the tempera¬ 
ture controller set point. Then, the temperature controller output signal becomes 
smaller than the output from the composition controller. At the new steady-state 
conditions, the temperature is at its set point and the composition is above its set 
point. This situation may not be the most profitable in the short run, but it is the 
best operation, given the input variables, because it prevents damage to equipment 
due to extreme temperature. Improvement would require an elimination of the 
inhibitor in the feed. 

The steady-state relationships between the split range manipulated and con¬ 
trolled variables are depicted in Figure 22.7 for the reactor example. Two cases 
show how the control objectives can be satisfied by adjusting the manipulated vari¬ 
able when the temperature or composition is the limiting factor. When sufficient 
range exists for the manipulated variable, the best steady-state operation can be 
achieved by opening the valve the least amount as constrained by the most limit¬ 
ing controlled-variable value. If the manipulated variable does not have sufficient 
range, the proper value of the output of the signal select is at either its minimum 
value (more cooling capacity required) or maximum value (zero cooling insuffi¬ 
cient, heating required). When the valve saturates, no control system can do better; 
the equipment design or cooling medium temperature must be changed to satisfy 
the objectives. Thus, the simple signal select control system always achieves the 
best (unique) steady-state performance possible for the process design and control 
objectives. 



FIGURE 22.7 

Determining the operating point for systems with signal select control. 







Controller output, % Controller output, % 

(a) (b) 

FIGURE 22.8 

Systems for which signal select control is not appropriate. 
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However, signal selects are not appropriate for all cases of multiple controlled 
variables and one manipulated variable. An example where signal select is not 
appropriate is the same chemical reactor as in Figure 22.5 with different control 
objectives: Maintain (1) the effluent composition to be no greater than (C A )max and 
(2) the temperature below T max . This situation is depicted in Figures 22.8a and b. In 
Figure 22.8a both limits can be satisfied, but the control objectives are not defined 
completely enough to determine a unique value of the manipulated variable. In 
Figure 22.86, no value of the manipulated variable satisfies the objectives. In either 
case, no unique operating point exists. Therefore, the control system must perform 
a task more complex than determining a limiting value. It must determine the best 
or “optimum” operation within acceptable limits (Figure 22.8a) or the operation 
that violates the important limits the least (Figure 22.8 b). This task cannot be 
performed by signal selects but can be solved, using additional criteria entered by 
the engineer, with an optimization calculation. Control algorithms that are capable 
of performing optimization are introduced in Chapter 26. 

The split range elements are designated by the symbols in Figure 22.9. As 
presented in Appendix A the designation “Y” is used for the second letter inside 
the symbol for a calculation and the less-than or greater-than symbol to indicate 
low or high select. An older method that is still used frequently is to write LSS 
and HSS for low and high signal select, respectively. 

The term signal select indicates that many different types of signals, not just 
controller outputs, can be used. As another example, the temperatures along a 
packed-bed reactor are monitored, and each temperature is to be maintained below 
its specified value. Two signal select control systems are shown in Figure 22.10a 
and b. In Figure 22.10a the measurements are input to a high signal select, and 
the output of the select is used as the controlled variable for a single controller, 
which adjusts the preheat. In Figure 22.106 each measurement goes to a separate 
controller, each controller output goes to the low signal select, and the output of 
the signal select goes to the control valve. 

Both designs could succeed in maintaining the highest measured temperature 
atthe set point. One difference is that the design in Figure 22.10a has one controller 
with one set of tuning constants, whereas the design in Figure 22.106 has separate 




Symbols for signal selects. 
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(a) (b) 

FIGURE 22.10 

Examples of signal select control on: 

(a) measurements; ( b ) controller outputs. 


tuning for each controller. The design in Figure 22.106 would be preferred if the 
feedback loop dynamics change with the measurement selected, as they might in 
this example. If the loop dynamics are essentially the same for all measurements, 
the design in Figure 22.10a would be preferred for its simplicity. Also, the design 
in Figure 22.10a enforces the same set point value for all measured variables, 
whereas the alternative design in Figure 22.106 allows different set points for 
different locations in the packed bed. 

The designs in Figure 22.10 are similar, and often engineers have difficulty 
selecting between them. The proper selection is based on the recognition that 
the process dynamics in the feedback loop should be nearly constant (when the 
controller tuning constants are unchanged). The design in Figure 22.106 can have 
tuning tailored to each measurement and is thus a more general design. Three cases 
can occur: 


1. When every closed-loop system has the same dynamics, 


7i(s) ^ T 2 (s) 
v(s ) Ufa) 


• = G p (s) 


(22.14) 


either design in Figure 22.10 can be used. 

2. When the closed-loop systems have the same dynamics except for the steady- 
state gain, 


-JY = KtGpis) ^ = K 2 G p (s ) • * • = K>G p (s) (22.15) 

u(s) u(s) v(s) 

the design in Figure 22.10a can be used if the controller gain is divided by 
a value K, to compensate for the feedback process gain of the selected tem¬ 
perature, which would tune the single temperature controller to give the same 
stability margin: 


eoL»-*.G,wf (i + 2_) 


(22.16) 







TABLE 22.3 

Signal select criteria 


A signal select is possible when 

1. There is one manipulated variable and several potential controlled variables. 

2. There is a causal relationship between the manipulated variable and 
each controlled variable. 

3. There is a unique, feasible operating point that satisfies all control 
objectives in the steady state (see Figure 22.7). 
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3. When the process dynamics are significantly different in each feedback loop, 
only the design in Figure 22.106 can be used for controllers with constant 
tuning values. (See Chapter 16 for evaluation of significant differences and 
methods for modifying controller tuning in real time.) 

A very important implementation issue in the application of signal selects is the 
potential for reset (integral) windup in systems like the ones shown in Figures 22.5 
and 22.1 Ob. While all controller outputs are sent to the signal select, only one is used 
to determine the valve position; thus, there is only one feedback control system. 
The outputs from the other controllers do not influence the manipulated variable, 
and because of their controller integral modes, the outputs from the controllers not 
selected could wind up (i.e., increase or decrease without limit). Several possible 
solutions exist to prevent windup, with perhaps the clearest being the application of 
external feedback, which was introduced in Chapter 12. For signal select control, 
the value after the signal select is used as the external feedback variable for all 
controllers whose outputs go to the signal select. Such a system will not experience 
integral windup. 

In conclusion, signal selects are widely applied to processes with excess con¬ 
trolled variables. The general approach for using a signal select is summarized in 
Table 22.3. Controlled variables can be used as inputs to a signal select if the feed¬ 
back loop dynamics are similar for all controlled variables. The controller outputs 
should be used in the signal select if the feedback loop dynamics are different. 


22.4 Q APPLICATIONS OF VARIABLE-STRUCTURE 
METHODS FOR CONSTRAINT CONTROL 

The variable-structure control methods introduced in this chapter are based on 
a fixed ranking of controlled or manipulated variables. As a result, the operating 
conditions achieved through the control system maintain the process near a limiting 
or constraining value—for example, the minimum use of the more expensive fuel or 
the maximum reactor temperature. Control systems that result in process operation 
near a limit are generally termed constraint controllers, and since they often require 
variable-structure capability, constraint control is often implemented using split 
range and signal select methods. A few additional examples of constraint control 
are presented in this section. 
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This first example demonstrates how split range and signal select can be combined 
in control designs to achieve good control performance. Consider the situation in 
Figure 22.11, which shows two series processes. The product flow from unit 1 
is usually not equal to the feed flow to unit 2; therefore, a large storage tank is 
located between the two units. One approach for dealing with the differences in 
flows would be to cool the entire production from unit 1, send it to the storage 
tank, and heat the feed to unit 2 as it flows at its desired rate from the storage tank. 
This approach would provide smooth and reliable flow control, but it would be 
very energy-inefficient. 

A more efficient alternative approach would be to provide the maximum al¬ 
lowable direct flow from unit 1 to unit 2. The maximum direct flow between units 
would be determined by either the availability from unit 1 or the demand for unit 
2, with the limiting condition changing as both unit operations change. A control 
system to maximize the direct flow automatically while always achieving proper 
level and flow control would be desirable. Such a system is shown in Figure 22.11, 
where both the level and flow controllers have split range outputs. Both controller 
outputs are sent to the low signal select, which determines the proper signal to ma¬ 
nipulate the direct flow valve, which in this example is the smallest signal, which 
gives the smallest direct flow rate. Thus, one controller will adjust the direct flow 
valve, and the other controller will continue to increase its output until it adjusts 
the flow to the tank (for level control) or flow from the tank (for flow control), as 
appropriate. The resulting operations for the two situations are summarized in the 
following table. 


How each valve is adjusted 


Relative flows 

vlOO 

vllO 

v200 

Net flow 

Unit 1 flow > unit 2 flow 
Unit 1 flow < unit 2 flow 

By FC 
By LC 

By LC 
Closed 

Closed 
By FC 

To storage 
From storage 


With this control system the plant personnel need only input the set points to the 
level controller (normally 50 percent of range) and the flow controller (required 
flow to unit 2). The system automatically adjusts the valves as described to meet 
the level and flow requirements while minimizing flows to and from storage, thus 
minimizing energy use. 


Multiple Controllers for One Variable 

A design involving two separate controllers is sometimes used as an alternative to 
split range when the use of one manipulated variable is to be strictly minimized, 
even in short transients. For example, consider the level-flow system in Figure 
22.12a, in which the level is normally controlled by manipulating the flow to a 
downstream unit but can be controlled by adjusting the flow to waste, if required. 
Naturally, the flow to waste is to be minimized. A split range controller is employed 
in the figure to achieve the control objective. 
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SP = 50% 



Alternative approaches to controlling inventory by (a) split range; ( b ) two 

controllers with different set points. 


An alternative control system is given in Figure 22.12 b, which employs two 
feedback controllers with different set points. Under normal conditions, the con¬ 
troller with the set point of 30 percent level (LC-1) adjusts the flow to the down¬ 
stream unit, and the valve to waste is completely closed. If the flow in becomes 
large, the valve to the downstream unit is opened completely. If the flow in is still 
larger than the maximum flow to the downstream unit, the level then increases 
above 30 percent. If the large flow in remains for a long enough period of time, 
the level reaches the set point of the alternative controller with a higher set point 
(LC-2), here shown as 80 percent. When this level is reached, the alternative con¬ 
troller begins to increase the flow to waste. 
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The two-controller design in Figure 22.12 b has three advantages. First, it uses 
the inventory in the vessel, so there is no flow to waste until the flow to downstream 
unit is at its maximum and the level increases to the upper set point. Thus, short¬ 
term disturbances in the inlet flow that can be accumulated in the vessel will not 
result in material being diverted to waste. Second, it has two sensors, valves, and 
controllers, so failures of elements in both control loops would have to occur 
before the level could overflow. This increase in reliability would be important if 
a large safety or economic penalty were incurred for an overflow. Finally, the use 
of two controllers allows separate tuning for the two feedback loops, although this 
probably would not be necessary in the example in Figure 22.12. The split range 
controller has one set point and one set of tuning constants and is preferred, if it 
achieves the objectives, because of its simplicity. 

Valve Position Control 

Sometimes a limit is the result of equipment performance, and the approach to 
the limit is not easily inferred from measured process variables such as flow or 
temperature. This situation is demonstrated in Figure 22.13, in which the feed 
rate to a chemical reactor is to be maximized. The reactor temperature must be 
maintained constant, and the heat exchanger duty is the limiting factor in increasing 
the feed rate. There is no process variable that indicates how close the process 
operation is to the limit. One indication that the limit had been exceeded would 
be the reactor temperature remaining below its set point for a long time; however, 
this indication would be available only after the process had been upset. Thus, this 
measure of the limit is not normally acceptable. 

Another potential indication of the limit is the temperature controller output, 
which is essentially the value of the heating medium valve position. When this 
value nears its maximum value of 100 percent, the limitation in heating duty is 
being approached. This analysis leads to the use of a valve position controller 


Set point to flow controller 



Feedback PI i 

controller with *— CV to valve position controller 

operator-entered 

set point 

FIGURE 22.13 

Example of valve position control. 







(VC), which uses the temperature controller output as its controlled variable and 
adjusts the feed flow controller set point. This is a feedback system and can use a 
standard proportional-integral algorithm; the set point of the valve position control 
system is chosen sufficiently far from the limiting value that the valve nearly never 
reaches a limit during a transient response to an upset. This approach ensures 
that the temperature control system has the range to respond to high-frequency 
disturbances and maintain the temperature at its set point. (A typical value might be 
90%, but could be lower if the system experiences large temperature disturbances.) 

The valve position controller feedback path involves the reactor and temper¬ 
ature control loop. Therefore, the valve position controller must be tuned loosely 
so as not to upset the temperature controller and to provide smooth, nonoscillatory 
approach to the constraint. Also, the feedback loop in the valve position controller 
includes the temperature controller; in other words, there is no causal feedback path 
without the temperature controller functioning. Thus, the valve position controller 
represents a loop pairing on a zero relative gain (see Chapter 20), and a monitor¬ 
ing program is recommended to determine whether the temperature controller is 
functioning and, if not, to switch the valve position controller into manual status. 

Plantwide Variable-Structure Control 

Sales demands and prices sometimes result in the pleasant circumstance that all of 
the plant’s production can be sold at a profit. In this situation, the control system 
should be structured to result in the highest production rate possible, consistent with 
product quality and equipment performance limitations. Since most plants have 
several possible limiting factors, a variable-structure control system is normally 
used to monitor all likely limiting factors and adjust the feed rate so that the most 
restrictive factor closely approaches but does not violate its limiting value. 

The situation is shown in Figure 22.14 for a hypothetical plant in which three 
possible factors could limit the operation: heating medium availability for the 
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FIGURE 22.14 

Example of maximum feed constraint control. 
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reactor, maximum flow of vapor product from the flash drum, and maximum re¬ 
boiler duty in the distillation tower. The control system monitors all three (two 
with valve position controllers), uses each in a feedback controller, and selects 
the lowest value of the three controller outputs to adjust the feed flow set point. 
(Note that many important controllers are not shown in the simplified figure so 
that the feed maximization can be clearly shown.) Since the feedback processes 
are relatively slow for these constraint controllers, their set points should not be 
exactly the limiting values; the set points provide a safety margin from the limits, 
to account for the likely variability about the set point. 


22.5 ® CONCLUSIONS 

To achieve process objectives, engineers design equipment with appropriate capac¬ 
ities, provide measurements and manipulated variables, and design flexible control 
systems to respond to normal and upset conditions. Variable-structure control often 
enables the system to satisfy the operating objectives when the numbers of manip¬ 
ulated variables and controlled variables are not equal. Two methods have been 
presented in this chapter that are applicable to commonly occurring objectives. 
In split range control a single feedback controller output is sent to more than one 
final element, and the final elements are calibrated to operate over different ranges 
of the controller output signal (e.g., 0 to 50% and 50 to 100%). A signal select, 
on the other hand, is used when there are several controlled variables and one 
manipulated variable, and the signal select determines the most limiting control 
objective. 

These methods are appropriate for situations in which the best operation re¬ 
sides on a constraint or “frame” of the steady-state operating window, as demon¬ 
strated in the following examples. First, consider the fuel pressure split range 
control in Figure 22.1. Since the flexibility in the system involves the manip¬ 
ulated variables, the operating window in Figure 22.15 has manipulated vari¬ 
ables as the coordinates. Any point inside the steady-state window that satisfies 
Fa+Fb = £ ^consumer is a feasible plant operating point. Clearly, there are infinite 
combinations of fuel flows that can satisfy the total consumer demand. The best 
operation is designated by the dashed line, which shows the combination of flows 


^Bmax 

Fb 


® Fa ^Amax 

FIGURE 22.15 

Operating window for fuel pressure split range 
control. 






of the two fuels that satisfies the consumer demand from zero to maximum while 
also minimizing fuel cost. The split range control system implements this strategy 
and therefore is appropriate for this example. 

Then consider the chemical reactor signal select control system in Figure 
22.5. Since the flexibility involves the controlled variables, the operating window 
in Figure 22.16 has controlled variables as the coordinates. Any point in the window 
represents feasible plant operation, and there is an infinite number of these points. 
The best operation, which maximizes conversion subject to the limitations, is 
designated by the dashed line. The arrows on the dashed line represent the (quasi¬ 
steady-state) path followed as the inhibitor disturbance increases. The signal select 
implements this strategy and therefore is appropriate for this example. 

Implicit in the use of the automated variable-structure methods in this chapter 
is the assumption that the change in structure must be made quickly, when required. 
If the required structural changes occur very infrequently and need not be made 
immediately, a simple switch could be used, and the position of the switch could 
be changed by a human operator. The simpler design using a switch is employed 
when the structure change is needed infrequently, such as during unit startups. 

Variable-structure methods presented in this chapter employ single-loop con¬ 
troller algorithms. In this chapter, only PID controllers have been discussed; how¬ 
ever, other algorithms, such as the model predictive controllers in Chapter 19, can 
be used. 

The empirical model identification methods and controller tuning procedures 
for variable-structure systems are the same as presented previously for single-loop 
systems. Since the feedback path Gol CO depends on the status of the variable 
structure, models and tuning for each feedback path must be determined and fine- 
tuned individually. 

It is important to reiterate that the methods presented in this chapter, while 
simple and easy to apply, are limited to systems with low dimensionality. It is 
very difficult to implement a variable-structure system with many controlled and 
manipulated variables by the methods in this chapter. Fortunately, the multivariable 
control algorithm presented in the next chapter has the capability of practically 
solving high-dimension variable-structure control systems, as well as complex 
square control systems. 
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Operating window for reactor signal select 

control. 
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Finally, variable structure is applied widely in the process industries. It enables 
a process to operate with a specified (efficient) control pairing for normal operation 
and to maintain acceptable operation as large changes in input variables occur or 
unusual set points are entered. Thus, the integration of variable-structure control 
as a component of the control design is essential for proper operation of many 
process plants. 
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It is very helpful to describe the desired process operating policy in words first and 
then sketch the behavior in figures similar to Figures 22.2,22.15, and 22.16. Follow 
this suggestion when designing controls for the questions in this chapter. 




QUESTIONS 

22 . 1 . The three-tank mixer problem in Example 7.2 is considered here, with the 
slight modification that stream B is under flow control, with a sensor and 
valve added to the process. The goal is to maximize the production of 
material from the third tank. Limitations could be encountered in the flow 
rates of either stream A or B. 

(a) Design at least one control system that would (1) control the product 
quality to 3% A and (2) maximize the production rate. 

( b ) Estimate the initial tuning for every controller in the design. 

22 . 2 . Prepare the detailed equations, with sequence of execution, or a sample 
digital control program for 

(a) The split range controller in Figure 22.1 

( b ) The signal select system in Figure 22.5 

22 . 3 . Analyze the degrees of freedom based on models of the process and the 
control calculations for 

(a) The system in Figure 22.11 

(b) The system in Figure 22.12, both designs 

22 . 4 . Sketch the steady-state operating window and describe the path taken by 
the process under control for the following systems in response to selected 
disturbances: ( a ) Figure 22.10 (simplify this to two temperatures), ( b ) Fig¬ 
ure 22.11, (c) Figure 22.12a and b, and (d) Figure 22.13. 

22 . 5 . For the stirred-tank heater system in Figure 22.13, 

(a) Verify the degrees of freedom from models of the process and control. 

(b) Specify the control calculations in analog or digital using external reset 
to prevent integral windup. Indicate the external variable clearly. 

(c) Since the design includes a pairing on a zero relative gain, describe the 
monitoring program required. Clearly indicate the variables monitored 
and the actions taken when specific situations are encountered. 

22 . 6 . There are situations with excess manipulated variables in which neither 
variable should normally have a zero value. For example, consider the 
process in Figure 22.1, but with a contract that requires the plant to pay 
for a specified amount of fuel B (say 30% of valve opening), whether it is 
consumed or not. Design a control strategy that controls the pressure and 
provides good steady-state economic performance for this process. 

22 . 7 . Anti-reset windup is a very important aspect of successful control imple¬ 
mentation. For the system in Figure 22.5, 

(a) Sketch a block diagram in a continuous (analog) implementation of PI 
controllers with external feedback and clearly show the measurement 
used for the external variable. 

(£>) Provide the equations or sample program for digital control calcula¬ 
tions, including all control elements, and an alternative method for anti¬ 
reset windup that does not have to use the external feedback principle. 
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Film moving—► 

FIGURE Q22.9 


22 . 8 . Discuss how the two proportional-integral controllers in Figure 22.5 can 
be replaced with single-loop predictive controllers, either IMC or Smith 
predictors. In the discussion, provide all process and control equations, 
analyze the degrees of freedom, and explain how to prevent integral windup. 

22 . 9 . MacGregor and Harris (1987) describe a process that is shown schemati¬ 
cally in Figure Q22.9. A moist film is dried using two sources of heat: an 
expensive electrical IR heater, which has a rapid effect on the moisture in 
the material, and a less costly steam heater, which has a slower response 
on the moisture in the material. Design a control system to provide tight 
control of the moisture and to minimize energy costs. 

22 . 10 . Plantwide throughput maximization is certainly a good concept, but the 
slow dynamics between the downstream constraints and the manipulated 
feed flow rates could lead to extreme violations of the constraints as distur¬ 
bances occur. An approach to prevent these violations is to include extra 
controllers that adjust manipulated variables that are “close” to the con¬ 
trolled variables (and have fast dynamics to the controlled variable). These 
override controllers prevent large, long constraint violations during the 
time required for the manipulation of the feed flow to affect the limiting 
plant variable. Apply this approach to the process in Figure 22.14 to prevent 
violations of the maximum vapor flow from the flash and the maximum 
light key in the bottom product of the distillation column. 

22.11. For a typical level process, as in Figure 18.1, design two control systems 
to ensure a minimum flow through the pump. (Some process equipment 
changes might be required.) Discuss the merits and demerits of each and 
recommend one for application. 

22 . 12 . Discuss the control objectives and control design in Figure 2.2. 

22 . 13 . Using the methods described in this chapter, design a control system to 
maximize the production rate of vapor from the flash drum in Figure 13.19. 
You may add sensors but may not add valves or otherwise change the 
process equipment. 

22 . 14 . Discuss the steps necessary to identify linear dynamic models empirically, 
determine initial tuning, and fine-tune all controllers for the systems in 
Figures 22.1,22.5,22.10a and b, and 22.11. 

22 . 15 . The control design in Figure 22.11 has a deficiency, because the controllers 
experience a “gap” when switching between manipulated valves. Explain 
how this gap occurs and propose a design modification that eliminates this 
gap while retaining the good aspects of the original design. 

22 . 16 . For the following processes, design a variable-structure control system with 
a sketch, select feedback algorithms and modes, and estimate all initial 
tuning constants. 

(a) The concentration of A in the effluent of the second reactor of the series 
chemical reactors in Example 1.2 is to be controlled. The preferred 
method is to adjust the flow of reactant A, F A . When this variable 
saturates, the flow of solvent, F s , is adjusted. 




(b) The bottoms composition in the distillation tower in Example 20.2 is 
to be controlled. The preferred choice is to manipulate the reboiler 
duty, but if this saturates, the reflux can be adjusted. Consider two 
cases: (1) the distillate composition is free to vary: (2) the distillate 
composition is controlled by adjusting the reflux when possible, but 
the bottoms purity is of overriding importance. 

(c) The temperature of the stirred-tank heat exchanger in Example 8.5 is 
to be controlled. The preferred choice is adjusting the coolant flow 
rate, but if this saturates, the feed flow rate can be adjusted. 

(d) The reactor outlet temperature in question 21.4 is to be controlled. The 
preferred manipulated variable is the set point of the quench tempera¬ 
ture controller. If the quench temperature controller set point reaches 
its limit, the quench flow should be manipulated. Design a control 
system to satisfy the objectives, sketch the design on Figure Q21.4, 
and determine the outlet temperature controller tuning for all possible 
situations. 
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23.1 m INTRODUCTION 

The first three chapters in this section on multivariable control retained the propor¬ 
tional-integral-derivative (PID) control algorithm. This approach is generally pre¬ 
ferred for its simplicity when it provides good performance, which is often the 
case. However, some especially challenging process control objectives are diffi¬ 
cult or impossible to achieve using multiloop PID control. In this chapter, one 
centralized method for controlling multiple input-output processes is introduced. 
The term centralized denotes a control algorithm that uses all (process input and 
output) measurements simultaneously to determine the values of all manipulated 
variables. In contrast, multiloop control, also called decentralized control, involves 
many algorithms, with each using only one process output variable to determine the 
value of one manipulated variable. Further discussions on the need for centralized 
control are presented in Cutler and Perry (1983) and Prett and Garcia (1988). 

In addition to all measurements, centralized controllers use a dynamic model 
of the process in the control calculation. The most common approach to using a 
model explicitly in the control calculation is the model predictive control structure 
described in Chapter 19. Since the discussions in this chapter are based on an 
understanding of the model predictive structure, the reader is advised to review 
Chapter 19 thoroughly before proceeding with this chapter. 

This chapter begins with a straightforward extension of the model predictive 
controller to a multivariable system. This extension demonstrates the limitations 
in applying the analytical model inverse, which was easily determined for single¬ 
variable systems, to the multivariable case. Then, one approach to determining a 
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controller design using numerical methods to obtain good dynamic performance 
is presented, first for single-variable and subsequently for multivariable systems. 
In this chapter, the digital algorithm is presented, because of the clarity and ease 
of implementation of this form. The presentation of the new control algorithm is 
concluded with discussions on implementation guidelines and extensions. 


23.2 ® MULTIVARIABLE MODEL PREDICTIVE CONTROL 

Model predictive control was introduced in Chapter 19, where some important 
properties were demonstrated for single-loop systems. The same principles can be 
applied to a multivariable system. For example, the following properties can be 
shown to hold for the general (open-loop stable) system in Figure 23.1. 

1. The controlled variables will return to their set points for steplike inputs if 

G C p(0) = [G w (0)]-' (23.1) 

Thus, the steady-state gain matrix of the controller must be the same as the 
inverse of the steady-state process model. Again, this can be achieved easily, 
because the engineer selects both of these elements in the control system. Note 
that the model does not have to match the plant exactly, although large model 
mismatch can degrade performance and lead to instability. 

2. Perfect control (i.e., zero deviation from set point) is achieved when 

G C p(s) = [G m (*)]-' (23.2) 



The transfer functions are matrices of appropriate dimensions, e.g., 

<*>.&» °'f»i 

with G fa) relating input j to output /. 


FIGURE 23.1 

Model predictive control structure. 






Even if possible, this might involve excessive variability in the manipulated 
variable and thus not be desirable in practice. 

3. If the model (and process) contains noninvertible elements, an approximation 
to equation (23.2) can be used to determine the controller, as follows: 

Gq,(j) = [G-(i)]-‘ (23.3) 

G„,(s) = G>)G-(s) (23.4) 

with G* ( 5 ) The “noninvertible” factor has an inverse that is not causal 
or is unstable. The inverse of this term includes 
predictions, e 6s , and unstable poles, 1/(1 + rs), r <0, 
appearing in [G m (j)] _l . The steady-state gain of this 
factor must be the identity matrix. 

G“ ( s ) The “invertible” factor has an inverse that is causal and 
stable, leading to a realizable, stable controller. The 
steady-state gain of this factor is the gain matrix of the 
process model, K,„. 


For single-variable systems, the design of the controller G cp (s) was relatively 
straightforward. However, the application of this analytical approach to multivari¬ 
able systems encounters a significant barrier, as demonstrated in the following 
example. 


EXAMPLE 23.1. 

A multivariable predictive controller is to be applied to the binary distillation tower 
considered throughout the book. The product compositions are to be controlled 
by adjusting the reflux and reboiler; thus, the energy balance regulatory control 
strategy provides the base control on which the composition control will be imple¬ 
mented. This approach, which shows the multivariable controller as an upper-level 
component in a cascade design, is given in Figure 23.2. 

The model for the process is given in equation (21.1) and is repeated here: 


[£]■ 


- 0.0747e -3j 

—0.0667e -2 ’ “I 


r 0.70<r Ss "I 

125 + 1 

155 + 1 

0*1 + 

14.45 + 1 

0.1173e -33i 

-0.1253c- 21 

OvJ + 

1.3e" 3 * 

11.755 + 1 

10.25 + 1 J 


L 125+1 -J 


X F (23.5) 


This two-variable system would be represented in the general symbols of Figure 
23.1 as 


[CV 2 (5)J [g 21 (s) 


G, 2 (5)' 

'MV, (5)1 

C<n(5) 

G 22 CO _ 

_mv 2 (5)J 1 

L G «(*). 


D(s) 


(23.6) 


By applying equation (23.2) the predictive controller is evaluated by determining 
the inverse of the feedback model. 

T -0.1253e-* 0.0667 e' 2 * 

[G ra (*)]-' = 


0.00782e~ 5 ' 3j 


0.00936e~ 5 ’ 


(155-M)(11.75i + 1) (125 + 1)00.25 + 1) L 11.755 + 1 


10.25 + 1 
-0.1173e~ 3,3j 


155+1 
0.0747e -3 * 
125 + 1 -I 
(23.7) 


The model in equation (23.5) cannot be factored uniquely into an invertible part. 
Also, the control performance of a control system that would satisfy equations 
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Relative volatility 
Number of trays 
Feed tray 

Analyzer dead times 
Feed light key 
Distillate light key 
Bottoms light key 
Feed flow 
Reflux flow 
Distillate flow 
Reboiler flow 
Tray holdup 
Holdup in drums 


2.4 

17 

9 

2 min 
X F = 0.50 

X D = 0.98 mole fraction 
X B = 0.02 mole fraction 
F f = 10.0 kgmole/min 
F r = 8.53 kgmole/min 
F d = 5.0 kgmole/min 
F v = 13.53 kgmole/min 
H = l.Okgmole 
HD- 10.0 kg mole 


Centralized multivariable distillation control. 


(23.1) and (23.3) is not easily related to the analytical method of obtaining the 
invertible factor G~(s). 


Thus, the analytical algorithm design method in equations (23.1) through 
(23.4) will not be used for multivariable systems in this chapter, although 
the model predictive structure will be retained. 


The distillation example will be reconsidered after an alternative controller algo¬ 
rithm has been developed. 


23.3 n AN ALTERNATIVE DYNAMIC MODELLING APPROACH 

The previous section demonstrated that a new approach to designing the model 
predictive algorithm is needed. Fortunately, several approaches have been devel¬ 
oped, and one of these will be presented in the next section. However, the new 
method requires dynamic models in a format different from the standard transfer 
functions used to this point. The requisite modelling is described in this section us¬ 
ing the symbols X for input and Y for output. This convention is used because these 
models can represent the input-output behavior for various variable combinations; 
for example, X could represent a disturbance or a manipulated variable. 

Throughout the book, transfer function models have been determined from 
fundamental modelling and empirical identification. These transfer functions are 
very useful in representing the dynamic input-output behavior of linear (or lin¬ 
earized) elements in a control system. They are parsimonious, in that the entire 















dynamic response can be represented by a small number of parameters. Also, their 
analytical structure enables the engineer to perform many transformations and 
calculations easily. However, alternative model structures are possible. For exam¬ 
ple, a dynamic model can be represented by the two forms in Table 23.1. This is 
the model of a single-tank mixing process with transportation delay used for PID 
tuning studies in Section 9.3, and it will be used in examples later in this chapter. 

The example transfer function considered here is first-order with dead time, 
but more complex equations are common and can be modelled using this approach. 
An alternative model form is the step response, which is a set of discrete values 
representing the output response to a unit step input; these values are often referred 
to as the step weights. The transfer function gives a continuous model of the process, 
whereas the step response gives no information at times between the sampled points 
and has the same values as the continuous model at the sample points. The step 
response can be developed from the transfer function by solving for the output 
response of the continuous system to a unit (+1) step input at sample number 0. 
For the example first-order-with-dead-time system, the discrete form is 

Y(s) = Kp \ ** X{s) = f pg * [note X(s) = A X/s = 1/*] (23.8) 

(rs+1 ) 5 (t5+l) 

Y'(t) = (1.0)AT P (1 - <r ( '" 0) ) (i t > 6) (23.9) 

This continuous model can be evaluated at sample points by setting time equal to 
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TABLE 23.1 

Transfer function with its step 
response model 

Transfer function 


Y(s)/X(s) = K p e~ es /(zs + \) 
= \ .0e~ 5s /(5s + 1) 


Step response 


Sample 

k 

Time 

t 

X’(t) 

r (t) = a k 

0 

0 

1 

0 . 

1 

2.5 

1 

0 . 

2 

5 

1 

0 . 

3 

7.5 

1 

0.394 

4 

10 

1 

0.632 

5 

12.5 

1 

0.777 

6 

15 

1 

0.865 

7 

17.5 

1 

0.918 

8 

20 

1 

0.950 

9 

22.5 

1 

0.970 

10 

25 

1 

0.982 

11 

27.5 

1 

0.989 
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multiples of the sample period, At. In the following equations the subscripts m 
emphasize that the transfer function parameters refer to the model, which is only 
an approximate representation of the true plant. 
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Time 

Sample no. 

Input X' 

Output Y' 

0 

0 

1 

0 

At 

1 

1 

0 

2At 

2 

1 

0 


{continues until the dead time} 

dm 

&m/A.t 

1 

0 

9 m + At 

(d m + At)/At 

1 

K m (l — 

9 m + 2 At 

(i 9 m +2At)/At 

1 

K m (l - e - 2A ' /r “) 


1 



The reader can verify that this method was used to develop the step weights from 
the transfer function in Table 23.1 by calculating the step response from an initial 
steady state of Y' = 0. The step response model can be used to calculate the value 
of the output Y' at any sample period k in response to a step of any size AX using 
the equation 

Y' k = a k AXq (23.10) 

Recall that the transfer function used in developing the step response can be derived 
from fundamental models using methods from Chapters 3 through 5, or it can be 
developed from empirical data using methods from Chapter 6. 

EXAMPLE 23.2. 

Determine two models for the data in Figure 23.3: a transfer function model and a 
discrete step model. 

The continuous transfer functions can be determined using the methods de¬ 
scribed in Chapter 6. This data was used in Examples 6.2 and 6.6, where it was 
concluded that a first-order-with-dead-time structure was adequate. For example, 
the parameters determined in Example 6.6 using the statistical parameter method 
are K m = 2.56°C/% open, 9 m = 3.66 min, and r„, = 5.2 min. 

The discrete step response can also be determined from the data. One ap¬ 
proach would be to use the measured values of the output variables as the step 
response: this approach would use the data indicated by the circles in Figure 23.3. 
While this represents the process behavior exactly for this experiment, the data 
includes noise, which would not be repeatable and should not be used for design¬ 
ing or tuning controllers. A better method for determining the step response would 
characterize the repeatable process response and ignore the higher-frequency 
noise. There are many methods for evaluating a step model from noisy data; one 
good method uses conventional modelling methods (for example, those in Chap¬ 
ter 6) to fit a transfer function model and subsequently evaluate the step response 
using the transfer function. This approach is demonstrated in Figure 23.3, where 
the dashed line is the continuous output from the transfer function model and the 
crosses are the step response from the estimated model, not the raw data. This 
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FIGURE 23.3 

Process reaction data with continuous and discrete models. 
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modelling approach captures the dominant dynamic behavior while eliminating 
the effects of most of the noise. Further discussions of determining representative 
step response models from empirical data are given in MacGregor et al. (1991), 
Cutler and Yocum (1991), and Ricker (1988). 


The step response model can be used to predict the dynamics of a system for 
any input function of time. This is achieved by sampling the input function and 
recognizing that it can be approximated by step changes at each sample point. 
The effect on the output of each input step is represented by the step response in 
equation (23.10). The overall effect of all of the input steps is the sum of each 
individual effect, assuming that the system is linear. This modelling method intro¬ 
duces potential errors, because the input may not be a perfect staircase function; 
however, the errors will be small if the sample period is short compared with the 
rate of change of the input and output variables. Assuming that the plant begins 
at a steady-state condition (To), the step weights can be used to predict the output 
from the input values at the sample points as follows: 

Y\ =Y 0 + a { AX 0 

Y 2 = Y 0 + a 2 AX 0 + a l &X l (23.11) 

Yi = To + a 3 AA^o + a 2 AX\ + a\ AX 2 

and so forth. This model can be expressed as an equation for any number of sample 
periods k for a single-input-single-output system as follows: 

k +1 

Yk+1 = Yq + y^ajAXk-j+i 

7=1 


(23.12) 
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Applying the model in equation (23.12) for a long time (k -*■ large) would result 
in a sum over a very large number of samples, since every change in the past 
influences the current value of the output variable. We anticipate that such a large 
summation would cause difficulties for the controller calculation. However, the 
input changes have a constant effect as the time from the input step becomes large; 
that is, after the transient settles to the constant effect for a past AX. Thus, the 
model in equation (23.12) can be rewritten to give the following equation. 

*+i LL 

Yk+i = To + ^ ajAXk-j+i + ^a/AX*_y+i (23.13) 

y=LL+l ;=1 

Initial Reached Transient 

condition steady state response 

The last term on the right-hand side includes those past inputs whose effects have 
not yet reached their steady-state values. Thus, the number of samples multiplied 
by the period should be the settling time of the process; for example, LLAf is 
approximately equal to the dead time plus four time constants for a first-order- 
with-dead-time process. The second term on the right-hand side involves the inputs 
whose effects have (essentially) reached their steady state, so that a* K p for 
k > LL. It is not necessary to sum all of the values in the second term at each 
time step, because the summation only changes by one value each sample period: 
by 1 past AX. Thus, this can be calculated recursively using a new intermediate 
variable Y* to include the initial value of Y and the effects of all AX values whose 
effects have reached steady state. (Recall that a recursive calculation uses only the 
past result and the new input to calculate the new result.) 


t; = y;_, +a LL+ iAx*_ LL 

LL 

y * +1 = y; + £a,AX *_; +1 

;'=i 


(23.14) 


The approximation of the step response with its steady-state (or final) value 
introduces another potential error, which can be made small by proper choice of 
the number of steps (LL) to include in the summation in equation (23.13). Now 
the large sum of the steady-state effects has been eliminated by the recursive form 
of the model. 


The step response model in equation (23.14) does not require all past inputs to 
be stored and the large summation to be calculated each execution: the informa¬ 
tion about initial condition and inputs whose effects have reached steady state are 
accumulated in the Y* term. 


The modelling approach described in this section can be applied to most 
single input-single output responses; it cannot be applied to unstable processes, 
for which Y* (all past effects that have reached steady state) does not exist. Because 
only discrete samples of the response are used, the step response model is not 
as complete a representation as a continuous transfer function model. However, 
the discrete step response model facilitates the design of centralized feedback 
controllers, as explained in the next section. 




23.4 a THE SINGLE-VARIABLE DYNAMIC MATRIX CONTROL 
(DMC) ALGORITHM 
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Several approaches can be used to develop a practical multivariable centralized 
controller. The method presented here is the dynamic matrix controller, which 
was developed by Cutler (Cutler and Ramaker, 1979), was extended to include 
additional features (Prett and Gillette, 1979; Garcia and Morshedi, 1986), and 
has been applied successfully to complex processes (e.g., Kelly et al., 1988; Van 
Hoof et al., 1989). The dynamic matrix control algorithm can be implemented 
within the model predictive control structure, and the algorithm can be designed 
without determining the analytical inverse of the process model, so the extension to 
multivariable systems is straightforward. The DMC algorithm will be introduced 
here for the single-variable case and then will be extended to multivariable. This 
explanation will proceed in three steps, each introducing a key aspect of the overall 
algorithm. 

Basic DMC Algorithm (without Feedback) 

The algorithm will be introduced by considering the situation encountered every 
time a model predictive feedback controller is executed. The dynamic response of 
a feedback control system is shown in Figure 23.4. The manipulated variable has 
been adjusted in the past, and the controlled variable has been influenced by these 
adjustments, as well as by disturbances. The prediction of the controlled variable, 
calculated using equations (23.14) and past values of the manipulated variable, is 
also shown in the figure. The task of the control algorithm is to determine future 
adjustments to the manipulated variable that will result in the predicted controlled 
variable returning quickly to the set point. 

To determine the best controller moves, a measure of control performance must 
be selected. Here, the integral of the error squared, or the sum of the error squared 
at sample points, will be taken; we recognize that this measure is not complete, and 
we will modify it later to consider robustness and the behavior of the manipulated 
variable. The error—deviation between set point and controlled variable—can 
be measured at the current time, but we know that it will change in the future 
because of recent adjustments to the manipulated variable. The behavior of the 
controlled variable without adjustments in the future should be used to determine 
the future error, which should be reduced by future adjustments. Thus, the DMC 
controller uses a dynamic model of the process to calculate the future behavior of 
the controlled variable that would occur without future control adjustments. 

LL 

CVf = CV* K + a J+i AM V K .j Note: Without feedback (23.15) 

7=1 

with CVf = predicted (deviation) value of the controlled variable in the 
future as influenced by past changes in the manipulated 
variable 

CV* = predicted value of the controlled variable at the current 
time based on all past inputs up to AT— LL 
i = sample periods in the future (/ = 1 to NN) 

The difference between the predicted values of the controlled variable and the set 
point are used to calculate the objective, the sum of the errors squared, which is to 
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FIGURE 23.4 

Dynamic response of variables for DMC control. 


be minimized. 

NN 2 NN 2 

OBJdmc = £ [ SP '- - ( Cv / + CV D] = £ [ E f ~ cv ?] (23-16) 
1 = 1 1 = 1 

where SP, = set point at each sample i in the future 

CV{ = defined in equation (23.15) and cannot be influenced by the 
controller 

CVf = effect of future adjustments on the controlled variable at each 
sample i 

E{ = (SP,- — CVf ), deviation from set point that would occur if no 
future control adjustment were made 
NN = future time over which the control performance is evaluated, 
termed the output horizon 

In equation (23.16), the set point can remain constant at its current value in the 
future, but if it will vary in the future in a manner known when the controller is 
executed, a variable set point can be accommodated. Also, the future effects of past 
adjustments, CVf, are calculated using equation (23.15). Thus, only the terms CVf 
are influenced by the future adjustments determined by the controller algorithm. 
Finally, the output horizon (NN) should be long enough for the controlled variable 
to approach steady state under closed-loop control. 




Now, the challenge is to determine the future adjustments in the manipulated 
variables to minimize the objective. This is an optimization problem that could 
be solved by many methods, including searching over a large grid of possible 
values of the manipulated adjustments, but that would involve wasteful, excessive 
calculations. An efficient controller calculation method can be developed using the 
modelling approach introduced in the previous section. The step response model 
can be used to calculate the effects of future moves, by summing their effects. 

»+i 

CVf„ = £>AMVf_ j+l (23.17) 

7=1 

where CV C = effects of future adjustments in the manipulated variable on 
the controlled variable 

AMV C = future adjustments calculated by the controller 

This model can be slightly rearranged to ease the optimization calculation. The 
same result can be obtained with the summation over all inputs at each sample i 
of the horizon by ensuring that the effects are zero for all adjustments occurring 
after the sample at which the controlled variable is evaluated (/). This model can 
be expressed in matrix format as follows, using the step weights ay that can be 
nonzero (where i > j) and 0.0 for the elements that must be zero (where i < j). 


~ a\ 0 0 

02 a\ 0 

03 02 Oi 

0 

0 

0 


" AMVq - 
AMVf 
AMVf 

= 

- CVf - 
CVS 
CVS 

_Onn onn-i onn-2 • 

• 0NN-MM+1 - 


_AMV c mm _,_ 


-CV c NN - 


(23.18) 

In this formulation, the adjustments in the manipulated variable could be allowed 
for all samples in the output horizon; however, experience indicates that this can 
lead to overly aggressive control action and oscillatory dynamic responses. There¬ 
fore, fewer manipulated-variable adjustments are allowed, and the number of ad¬ 
justments is given by the input horizon MM, which must be less than the output 
horizon. Equations (23.17) and (23.18) are equivalent, and either one may be used 
to evaluate the effects of future adjustments on the control objective. Perhaps equa¬ 
tion (23.18) provides a clearer picture of the calculation. The coefficient matrix 
in equation (23.18) is often designated by the symbol A and is referred to as the 
dynamic matrix. With this notation, equation (23.18) can be rewritten as 

A[AMV C ] = [CV C ] (23.19) 

The goal of perfect control led-variable performance would be to have zero error 
for all samples in the future, which would be achieved if 

= [CV C ] perfect control of CV (23.20) 

However, this performance cannot be achieved in general, because of dead times, 
constraints on the manipulated variables, and right-half-plane zeros (see Sections 
13.5 and 19.2). Another way of stating this conclusion is that an exact plant (model) 
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inverse cannot be achieved because of limitations in the physical process. There¬ 
fore, the best control involves the manipulated-variable adjustments that minimize 
the sum of the error squared in equation (23.16), which in general is not zero. The 
solution to this problem is the least squares solution, which can be considered an 
approximate plant (model) inverse that has desirable properties for control perfor¬ 
mance. The solution to the optimization problem in equation (23.16) for the model 
in equation (23.18) is the well-known linear least squares result 

K D mc = (A t A)-'A t (23.21) 

The dynamic matrix controller Kdmc can be used to calculate the future ad¬ 
justments at each controller execution by 

KdmcE 7 = [AMV C ] (23.22) 

This equation shows that the model of the process in the feedback path, A, and 
the future errors are used to calculate the manipulated-variable adjustments. The 
calculated adjustment for the current time period, AMVq, would be implemented 
after the controller calculation. The later adjustments would not be implemented, 
because they would be recalculated during later controller calculations. 

EXAMPLE 23.3. 

The process model in Table 23.1 describes the mixing process with dead time. 
Feedback control using the proportional-integral-derivative (PID) algorithm has 
been evaluated for this process in Section 9.3. Assume that the process is initially 
at steady state, and its set point is changed by a 1% step. Design the DMC 
controller matrix and evaluate the closed-loop dynamic response, assuming that 
the model is perfect. 

The following parameters must be chosen before the DMC design calculation 
can be performed. 

At = sample period 

LL = number of sample periods required for the process model to reach 
steady state 

NN = controlled-variable (output) horizon 

MM = manipulated-variable (input) horizon 

In this example, the analyzer update occurs only once every 2.5 min; thus, the 
controller execution is set by this limitation. The product (Ar)(LL) should be equal 
to or greater than the settling time of the open-loop process, and the product 
(Ar)(NN) should be equal to or greater than the settling time of the closed-loop 
process. The manipulated-variable horizon is usually selected to be greater than 1, 
to allow some manipulated-variable overshoot if desired, and to settle well before 
the end of the controlled-variable horizon; thus, 1 < MM < NN. The values of 
the parameters for this example are summarized in Table 23.2. The horizons are 
somewhat shorter than usually used in practice, to enable the key matrices to be 
reported conveniently. 

Since the system is initially at steady state, so that all past adjustments are 
zero, the future errors are equal to the current error. Some of the key values in the 
calculation of the future moves follow. 


0 

0 

0.394 

0.632 

0.777 

0.865 

0.918 

0.950 

0.970 

0.982 

0.989 

0 

0 

0 

0.394 

0.632 

0.777 

0.865 

0.918 

0.950 

0.970 

0.982 

0 

0 

0 

0 

0.394 

0.632 

0.777 

0.865 

0.918 

0.950 

0.970 

0 

0 

0 

0 

0 

0.394 

0.632 

0.777 

0.865 

0.918 

0.950 






Kdmc 


0 0 2.54 00000 000- 

0 0 -4.08 2.54 0 0 0 0 0 0 0 

0 0 1.53 -4.08 1.86 0.95 0.40 0.065 -0.14 -0.26 -0.34 

0 0 0 1.54 -2.04 -0.93 -0.26 0.14 0.39 0.54 0.62. 


(E / ) T = [1 1111111111] 

These values can be used to calculate the future values of the manipulated- 
variable changes using equation (23.22). The changes can be summed to obtain 
the manipulated-variable values at each time in the future. 

- 2.54-1 1-2.54- 

[AMV C ] = -1 - 54 MV 1 ' = 100 

1 j 00Q mv 1<0 q 

. 0.00J Ll.OO. 

Because the controller model is assumed perfect in this example, feedback does 
not change the results in later controller executions. The responses of the manip¬ 
ulated and controlled variables are given in Figure 23.5. The controlled variable 
cannot respond until after the process dead time, and for this system it can be 
changed to the set point in one sample period after the dead time. To achieve this 
performance, the manipulated variable must experience a rapid change of large 
magnitude, which may not be acceptable. However, the controller objectives, as 
stated to this point, have been achieved. 
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TABLE 23.2 

Summary of single-variable DMC simulation cases 

Controlled- 
variable MV 

Algorithm parameters performance performance 


Controller 

model, 


difference 
from plant 


Case 

At 

MM 

NN 

ww 

qq 

model** 

IAE 

ISE 

E(AMV) 2 

Example 23.3 
Figure 23.5 

2.5 

4 

11 

1 

0 

Same as 
process 

6.0 

5.6 

8.8 

Example 23.4 
Figure 23.7 

2.5 

4 

11 

1 

0 

K m = 0.65 

12.9 

7.7 

29.5 

Example 23.5 
Figure 23.8a 

2.5 

4 

11 

1 

0.2 

K m = 0.65 

11.5 

7.3 

2.9 

Example 23.5 
Figure 23.8b 

2.5 

4 

11 

1 

0.2 

K m = 0.65 

8.9 

4.2 

0.8 


•The process is represented by the model in Table 23.1. 

••The model used in performing all model-based calculations for DMC. 
LL = large number, e.g., 5(NN). 





740 


3 


CHAPTER 23 
Centralized 
Multivariable Control 



I_i-1 

0 50 100 

Time 



Time 


FIGURE 23.5 

Dynamic response from Example 233 for the case with no model error. 


Adding Feedback to the DMC Controller 

To achieve acceptable feedback performance, the DMC controller must use the 
measured value of the controlled variable. The method for including the feedback 
is the same as employed in Chapter 19: the measured value is compared with a pre¬ 
dicted value, and the difference, the feedback signal E m , is added to the predicted 
value used by the controller. This scheme is shown in Figure 23.1; note that adding 
the feedback to the predicted controlled variable has the same effect on the sum of 
error squared as subtracting it from the set point, as seen by considering equation 
(23.16). This feedback approach is equivalent to adjusting a bias in the predictive 
model without changing the step weights aj\ thus, the feedback dynamics used by 
the controller to relate adjustments in the manipulated variable to the controlled 
variable are not influenced by the feedback. The result of the feedback, shown in 
Figure 23.6, is similar to that in the model predictive controllers in Chapter 19: 
zero steady-state offset for steplike disturbances, but no adaptation of dynamics 
for nonlinearities. 

The model used to calculate the effects of future changes in the manipulated 
variables is similar to equation (23.15). However, the prediction of the future 
behavior without control is modified to combine the model with the feedback 
measurement signal as follows. 


LL 

CV{ = CV* K + (E m ) K + £>;+, AM \ K _j (23.23) 

j =i 


The feedback signal is the difference between the measured and predicted values, 






Future samples 
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FIGURE 23.6 

Dynamic response of variables with feedback. 


which is assumed to remain unchanged in the future: 

(£„,)* = (CV me ask—CV* (23.24) 

Substituting equation (23.24) into equation (23.23) yields the model for the effects 
of future changes in the manipulated variables. 

LL 

cv{ = CV* K + (CV meas )tf - CV* + J2 a j+i AMVK-j (23.25) 

j =i 


Thus, the feedback method is equivalent to setting the model prediction at the current 
time to the current measured value of the controlled variable. 


The DMC controller Kdmc can be designed with the same calculations, equa¬ 
tion (23.21). Again only the manipulated-variable adjustment at the current sample 
period, AMVo, is implemented. The entire controller calculation is repeated at the 
next sample period, because a new measured value of the controlled variable is 
available. 
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Some insight into the model predictive structure is gained by considering the 
meaning of the feedback signal when the controller model is perfect. In this situ¬ 
ation, the effects of the manipulated variable on the true plant and the model are 
identical and cancel when E m is calculated. Thus, the feedback signal is equal to the 
effect of the disturbance on the controlled variable. Since the same value of the 
feedback signal E m is used to calculate all future values of the controlled variable 
without future adjustments, CV{ for all z = 1 to NN, the tacit assumption has 
been made that the disturbance will be the same in the future as it is currently. This 
is often a reasonable assumption when we have no special information about the 
disturbance. 



EXAMPLE 23.4. 

The results in Example 23.3 were for the case when the controller model exactly 
represented the true process. In this example, the model differs from the plant; 
the model gain is 0.65%/% open, while the process gain remains 1.0%/% open. 
Determine the closed-loop performance for this system. 

The step response for the model can be derived using the method in Table 
23.1 with K m = 0.65 (not 1.0), and this model can be used to derive the DMC con¬ 
troller from equation (23.21). The controller can then be employed with feedback, 
and the resulting dynamic response is shown in Figure 23.7 and summarized in 
Table 23.2. The model error led to considerable oscillation in this example, with 
increased ISE of the controlled variable and excessive manipulated-variable vari¬ 
ation. However, the controlled variable ultimately returned to the set point, which 
was the goal of the feedback. Thus, feedback has improved the performance of 
the closed-loop system, but its dynamic behavior is not yet acceptable. 




Dynamic response for Example 23.4 for the case with model error but no 
move suppression. 
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Adding Twining for Manipulated-variable Behavior and 
Robustness 


As with all controllers, adjustable parameters are needed to match the closed-loop 
performance to the particular needs (manipulated-variable variability) and circum¬ 
stances (model mismatch) encountered in each application. In the DMC controller, 
the principal manner for addressing these needs is to expand the objective used 
in defining the control algorithm. This is done by adding a term that penalizes 
changes in the manipulated variable at each execution. 


nn , 2 1 mm 

objdmc = J2 ww [ SP <- - < cv t + cv /)] + E [qq( AMV <) 2 ] 

i =1 l > i=\ 


i=\ 

NN 


NN |- MM 

= E| WW ( E f ~ cv 0 + E [qq(AMv ( > 2 ] 

i=i L -I i=i 


(23.26) 
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where ww = (> 0) adjustable parameter weighting the controlled-variable 
deviations from set point, the ISE 
qq = (> 0) adjustable parameter weighting the adjustments of the 
manipulated variable. This parameter is termed the move 
suppression factor. 

The relative values of the two tuning parameters ww and qq determine how 
much importance is placed on the controlled variable ISE and on the variability 
of the manipulated variable; the original definition of the controller in equation 
(23.16) can be thought of as equation (23.26) with ww = 1 and qq = 0. Naturally, 
some variability in the manipulated variable must be allowed to enable the control 
system to respond to disturbances and set point changes. However, the controller 
with qq = 0 can be very aggressive, as seen in Figure 23.7. Also, because of model 
mismatch, the controller with qq = 0 can lead to an unstable closed-loop system, 
and increasing the value of qq (more correctly, qq/ww) increases the range of model 
mismatch for which stable closed-loop performance is achieved. Finally, equation 
(23.26) contains no term for deviations of the manipulated variable from a target 
value, since the manipulated variable must be free to respond to disturbances of 
various magnitudes and directions; thus, the penalty is on the adjustment or change 
at each sample. 

Again, the control algorithm determines the values of the future manipulated- 
variable changes that minimize the objective function. The result is 

Kdmc = (A T [WW]A + [QQ])-'A T [WW] (23.27) 


where [WW] = diagonal matrix = wwInn 
[QQ] = diagonal matrix = qqlMM 
I/j = identity matrix of size R x R 

Again, only the current manipulated-variable adjustment is implemented at each 
controller execution. This is the form of the DMC control algorithm used in in¬ 
dustrial practice. 

EXAMPLE 23.5. 

Evaluate the control performance with model mismatch in Example 23.4, using the 
DMC algorithm in equation (23.27) with adjustable tuning. 
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The matrix algebra in equation (23.27) is slightly more complex, but the re¬ 
quired model information (i.e., step weights) is the same. In this example, the 
number of parameters for the engineer to select is increased with the addition of 
ww and qq. For the single-variable DMC, ww can be set to 1.0 without loss of 
generality, which is not true for the extension to multivariable. The value for qq is 
selected to be 0.20 for this example, and the choice of this value is discussed 
in Section 23.6. The resulting transient response is shown in Figure 23.8a, and 
parameters and performance values are summarized in Table 23.2. The perfor¬ 
mance with qq = 0.2 is much more acceptable, with lower ISE of the controlled 
variable and about one-tenth the variability of the manipulated variable (£ AMV 2 ). 
An additional transient response has been evaluated for this system with the same 
feedback model mismatch and controller tuning parameters; this is a response to 
a unit step disturbance with a model G d (s) = 1/(5 s + 1). The response in Figure 
23.8b shows that DMC provides acceptable transient behavior and zero steady- 
state offset for this disturbance. 


The addition of the variability of the manipulated variable to the controller objective 
with the associated tuning factor qq provides the engineer with the flexibility to 
tune the controller for a wide range of objectives and model mismatch. 

23.5 a MULTIVARIABLE DYNAMIC MATRIX CONTROL 

It would be possible to employ the single-loop DMC as a replacement for the PID 
controller and to implement multiloop control with DMC using the approaches 
presented in Chapters 20 through 22. However, this approach would not realize 
the great power of dynamic matrix control (or other similar centralized multivari¬ 
able algorithms). Here, the goal is to achieve centralized multivariable control, 
in which the algorithm uses information from all controlled variables to calculate 
all manipulated-variable adjustments simultaneously each execution. Fortunately, 
the nature of the DMC algorithm makes its extension to multivariable control 
straightforward. In addition, the calculations performed at each controller execu¬ 
tion remain relatively simple. 

Again, the basis for the algorithm is the step response model. In the multi- 
variable situation, one model exists for each input-output combination, and the 
form of each single input-output model remains as described in Section 23.3. The 
objective for the controller becomes 

NC NN 2 NM MM 

OBJ dmc = £ WW„ C £ [e', - CV^j] + £ qq„ £(AMV nm .,) 2 

nc=l i=l nm=l i=l 

(23.28) 

where NC = number of controlled variables; nc is the counter for the 
controlled variables (1 to NC) 

NM = number of manipulated variables; nm is the counter for 
the manipulated variables (1 to NM) 
ww nc = adjustable parameter weighting the nc’th controlled 
variable’s deviation from set point 

qq nm = adjustable parameter weighting the adjustments of the nm’th 
manipulated variable 


Valve opening Concentration Valve opening Concentration 
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For multivariable control, a separate value for ww nc is allocated to each controlled 
variable. The ratio of these values represents the relative importance of devia¬ 
tions from set point of the controlled variables, which can be used to tune the 
controller for different performance objectives. Also, each manipulated variable 
has an associated qq^, which gives the penalty for adjustments. A multivariable 
controller has many parameters that must be tuned in conjunction to obtain the 
desired performance. 

The control algorithm that achieves this objective is 

Kdmc = (A t [WW]A + [QQ])- 1 A T [WW] (23.29) 



This is the same form as the result for single-loop control. However, the matrices 
in equation (23.29) are composed of individual blocks, with each block consisting 
of a single-variable matrix or zeros. For the two-variable control problem, 

Mt: z\ [wwi =[ iw r a] iqqi =[ [Q o Q1 ' a] 

(23.30) 

where A nCiI)m = dynamic matrix shown in equation (23.18) for the 

controlled variable nc and the manipulated variable nm 
[WW] nc = diagonal matrix = ww„ c Inn for nc = 1 to NC 
[QQlnm = diagonal matrix = qq nm lMM for nm = 1 to NM 
0 = square matrix containing zeros 

With this result, the errors of all controlled variables are considered simultane¬ 
ously in determining the adjustments to all manipulated variables. The methods of 
modelling and feedback conform to the model predictive control structure, with all 
models being multiple-input-multiple-output and the controlled and manipulated 
variables being vectors of values for each variable. As before, only the current 
manipulated-variable adjustments are implemented at each controller execution. 


EXAMPLE 23.6. 

Apply DMC control to the distillation tower considered in Example 23.1 and mod¬ 
elled in equation (23.5). 

The first step is to develop the step response models using the method in Table 
23.1 or, equivalently, equation (23.10) for each of the A nc , nm matrices. In performing 
this modelling, the sample period and horizon lengths must be decided. Finally, 
the tuning parameters are selected. With this information, the DMC controller K DM c 
can be calculated using equation (23.29). The controller design parameters used 
in this example are as follows: 

At = 1 MM = 5 NN = 20 LL = 100 WW| = ww 2 = 1 qq } = qq 2 = 0.02 

The transient response to a set point change in the distillate purity, with the bottoms 
set point unchanged, is given in Figure 23.9a. Also, the transient response to a 
-4% step change to the light key in the feed is given in Figure 23.9b. In both 
plots the plant is represented by the linear model in equation (23.5), so that these 
responses are for no model mismatch, although the tuning has been selected to 
give a reasonably moderate feedback response. 

The performance measures for these dynamic responses are given in Table 
23.3. These results can be compared with the performance achieved with two 
PI controllers, although no attempt was made to provide the best tuning to either 
control system. (Note that the set point change in Table 21.2 was half the magnitude 
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(b) 


FIGURE 23.9 


Responses for Example 23.6: (a) to set point change; ( b ) to disturbance. 
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TABLE 23.3 

Summary of performance for Example 23.6 


Case 

iae™ 

ISE \d 

IAExb 

1SE X b 

E(AF*) 1 2 3 

E(AFy) 2 

Figure 23.9a 
Figure 23.9b 

0.225 

0.207 

0.00122 

0.00093 

0.073 

0.33 

0.00010 

0.00413 

0.0141 

0.00029 

0.0097 

0.0147 



of that in Table 23.3.) In these examples, the DMC controller provided about the 
same performance for the disturbance and better performance for the set point 
change. 


As demonstrated in this section, the multivariable dynamic matrix controller 
is a straightforward extension of the single-variable controller. The controller al¬ 
gorithm can be calculated for any (stable) process model, without regard for dead 
times or numerator dynamics. The dynamic responses in the example show that 
good performance can be achieved without excessive adjustments of the manipu¬ 
lated variables. 

23.6 H IMPLEMENTATION ISSUES IN DYNAMIC MATRIX 
CONTROL 

While the design and implementation of centralized feedback control have been 
shown to be possible, a large number of design and implementation decisions must 
be made to achieve good performance. Some of the most important are discussed 
briefly in this section. 

Real-Time Calculations 

The distinction is important between the design calculations, which are performed 
once offline, and the control calculations, which are performed every control execu¬ 
tion. Basically, the design calculation is given in equation (23.29). This calculation 
involves the inverse of a square matrix with dimensions (MM) (MM). This inverse 
could be computationally intensive, but it is calculated only during offline design. 
In contrast, the controller calculation requires the following limited calculations 
every execution: 

1. Calculate the feedback signal E,„, which requires advancing the prediction of 
the model G m in the block diagram and equation (23.14) by one time step. 

2. Calculate the future error that would occur without future adjustments, E{ = 
([SP],-—[CV^],)fon = 1, NN. This requires the model for [CV-^J, inequation 
(23.23) to be calculated for NN time steps. 

3. Calculate the current adjustment to the manipulated variable. The basis for 
this calculation is equation (23.22), which will give the adjustments for the 
entire input horizon—more information than needed, because only the current 
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change in manipulated variable is required. For example, the single-variable 
DMC needs only AMVo, which is the sum of the element products of the 
top row of Kdmc and the future error E f . This vector-vector product requires 
fewer calculations. 


Implementation Issues 
In Dynamic Matrix 
Control 


lining 

The dynamic matrix controller has a large number of adjustable parameters, all 
of which influence the control performance. In addition, the best value of some 
parameters depend on the values of others. The following comments should help 
in selecting good initial values. 

At Factors in selecting the execution period are the same as discussed 
in Chapter 11 on PID control. This should be a small fraction of 
the closed-loop dynamics [e.g., At < 0.1(0 + r)]. 

NN The output horizon should be long enough for the closed-loop system 
to approach its steady state in the time A/(NN). Typical values for 
NN range from 20 to 50. 

MM The input horizon is selected to be shorter than the output horizon. 

Typically, MM is about one-fourth to one-third of the output horizon. 
ww nc The weighting for each controlled variable represents the relative 
importance of each deviation from its set point. Increasing this 
number tends to reduce the deviation of this controlled variable, 
but the deviation of other controlled variables will increase. The 
engineer must recognize that the controller objective is calculated 
in engineering units, so that the weighting must reconcile the 
comparison of various variables, such as temperature and mole percent. 
qq nm The weighting for each manipulated variable represents the relative 
importance of the adjustments to each manipulated variable. 

Increasing this number will tend to slow the feedback adjustments, 
which would degrade the controlled-variable performance; however, 
increasing qq nm also improves the robustness of the closed-loop system 
to model mismatch. Also, increasing qq nm reduces the variability 
of the manipulated variable, which may be required in some 
circumstances. As a result, the parameter is often referred to as the 
move suppression factor. 

Good values for ww nc and qq nm depend on their relative magnitudes, such as 
wwi/qq 2 and WW 1 /WW 2 . Thus, strong interactions exist among the effects of the 
many tuning parameters on the control performance, and often some simulation 
studies are required to determine good tuning. 

The presentation in this chapter has assumed that the weighting matrices 
[WW] and [QQ] are diagonal. This assumption is valid when the desired behavior 
of one controlled variable does not depend on the behavior of other controlled 
variables. That condition might not be the case for some processes. For example, 
a high temperature and high reactant concentration might be a particularly bad 
condition; in such a case, a penalty could be introduced in the appropriate off- 
diagonal elements in [WW] for the deviations of both. 
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Move suppression, qq 


FIGURE 23.10 


Effect of controller tuning on controlled and manipulated 
variables (ww = 1). 



EXAMPLE 23.7. 

Study the effects of tuning on the single-variable DMC controller in Examples 23.3 
through 23.5. For this study, assume that no model mismatch exists and that the 
input forcing is a unit step set point change. 

The common manner for presenting such a tuning study is to plot the perfor¬ 
mances of the manipulated and controlled variables against the tuning parameter, 
which for the single-loop case is qq/ww. This plot is given in Figure 23.10, with re¬ 
sults that are typical of many systems. As the move suppression is increased from 
zero, the first effects are a rapid drop in the variability in the manipulated variable, 
with a small increase in the ISE of the controlled variable. After some value of qq, 
the effects on both variables are moderate. Often, the value of qq where the vari¬ 
ability in the manipulated variable stops decreasing rapidly gives an acceptable 
initial tuning, with reasonable robustness to typical model mismatch and moderate 
variability in the manipulated variable. This study provided the basis for the value 
of qq, 0.2, used in Example 23.5. 


Filtering 

High-frequency noise in the controlled-variable measurement can be filtered for 
the reasons discussed in Section 12.3. The measurement can be filtered before 
calculating the feedback signal E m . 

Cascade Implementation 

Centralized multivariable controllers can output directly to final elements, but a 
more common design is to output to a single-loop system. As an example, the 
distillation control in Figure 23.2 and studied in Example 23.6 outputs to the set 
points of two flow controllers. The design of these lower-level loops follows the 





principles of single-loop enhancements (Part IV) and loop pairing (Chapters 20 
through 22) already presented. 

23.7 □ EXTENSIONS TO BASIC DYNAMIC MATRIX CONTROL 

The method presented in detail in this chapter represents only the most basic form 
of the dynamic matrix controller. Many extensions are possible, and some are 
essential for success in challenging applications. A few of the more important 
extensions are introduced briefly in this section. 

Nonsquare Systems 

Many control systems have an unequal number of controlled and manipulated vari¬ 
ables. Methods for addressing these situations using single-loop (decentralized) 
control were presented in Chapter 22 on variable-structure control. The DMC 
controller can accommodate this situation, because no assumption has been made 
in developing the design for Kdmc in equation (23.29) regarding the number of 
process variables. If more controlled than manipulated variables exist, not all con¬ 
trolled variables can be maintained at their set points (at the steady state), and the 
DMC controller will minimize the objective in equation (23.26). When a steady 
state is achieved after a disturbance, the deviations of each controlled variable 
from its set point depend on the weights, ww,-. If more manipulated than con¬ 
trolled variables exist, all controlled variables can be maintained at their set points 
(in the steady state), and the manipulated variables can be adjusted to achieve 
additional benefits, such as low energy consumption. Methods are described in 
Cutler and Ramaker (1979) and Morshedi et al. (1985). 

Feedforward 

The centralized control method in this chapter addressed feedback control, but it 
can be extended to include feedforward compensation. If a measured disturbance 
satisfies the feedforward design criteria in Table 15.1, it can be included by mod¬ 
elling its effect on the future controlled variable without feedback adjustment. 
Thus, the effect of the measured disturbance is simply another process input in 
calculating the values of [CV-^],- that are used in calculating E-^ and the controller 
calculation in equation (23.22). Both the controller design equation for Kdmc 
and the calculation at each controller execution, [AMV] = [KdmcHE-^], remain 
unchanged. 

Constraints on Variables: Quadratic Dynamic Matrix 
Control (QDMC) 

Often, the behavior of the control system in a real plant is limited by constraints. 
These constraints can be limitations to manipulated variables; e.g., a valve cannot 
exceed 100% open or the reflux should not decrease below a minimum for proper 
tray contacting. In addition, constraints can be imposed on the dependent, con¬ 
trolled variables; for example, the temperature should not go above 350 K. The 
design of the DMC controller in equation (23.29) was based on a least squares 
method that relies on the controlled and manipulated variables having continuous 
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derivatives, which is not valid when constraints are encountered. Fortunately, the 
DMC approach can be extended to designs that minimize the same objective while 
observing constraints by using a different optimization method. One common ap¬ 
proach uses a solution method termed quadratic programming; thus, the controller 
is termed quadratic dynamic matrix control (QDMC). A slight disadvantage of in¬ 
cluding constraints is an increase in the calculations that must be performed with 
each controller execution. However, with powerful digital computers, this has not 
proved to be a barrier to practical application. 

The measure of control performance used in QDMC is the same as the DMC 
controller, so that OBJqdmc = OBJ D mc, which is given in equation (23.28). A 
summary of the mathematical problem solved at each controller execution is given 
in the following: 

min OBJqdmc (23.31) 

AMV C 

As in DMC, the dynamics responses between manipulated and controlled 
variables are represented by step-weight models. 

[CV C ] = A[AMV C ] (23.19) 


The value of the controlled variable in the future output horizon, CV/, is 


CV, 


= c:vf + cvf 

t t 

Calculated Calculated 

from the future from the past 

adjustments, MV and E m 

AM Vf 


subject to the following constraints that are imposed on every variable at every 
time step in the future horizon ( i ). 


Rate of change of the MV: AMV m j„ < AMVf < AMV max 
Full value of MV: MV min < MV,- < MV max 

Value of the CV: CV min < CV, < CV max 


Some problems occur when the controlled variables are subject to strict limits 
as shown above; e.g., it may not be possible to achieve the controlled variable 
performance (CV m j n < CV,- < CV max ) when the manipulated variables are also 
restricted. Therefore, the bounds on the controlled variables are usually imple¬ 
mented as penalty functions that force the solution to obey the constraints only 
when possible. Further details on the QDMC algorithm are provided by Garcia and 
Morshedi (1986), Morshedi et al. (1985), and Ricker (1985). In addition, Qin and 
Badgewell (1997) provide an overview of centralized model predictive control, 
along with a summary of similar algorithms used commonly in industry. Now, we 
will consider two examples of QDMC. 

TVpically, centralized model-predictive control is applied to plants in which 
substantial interaction occurs among important variables. An example of a situation 
with strong interaction is given in Figure 23.11, which shows a hydrocrackirtg 
chemical reactor in a petroleum refinery. The process involves a series of packed 
bed, adiabatic reactors in which highly exothermic chemical reactions occur. The 
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FIGURE 23.11 


Hydrocracker reactor with QDMC centralized control. 


reactor bed inlet temperatures are regulated by single-loop controllers that adjust 
the mixing of hot and cold feeds for the first reactor and adjust the injection of cold 
hydrogen in the second to fourth reactors. The control objectives are summarized 
in the following. 

1. Prevent high temperatures in each bed Therefore, each 7} should remain 
below r max . If this limit is closely approached or exceeded, extreme corrective 
action must be taken by decreasing the bed inlet temperature set point, even if 
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the product quality is severely upset. Note that feedback action is required for 
only a negative error (T max — T < 0); this “one-sided” feedback is possible 
with QDMC, but not with DMC. 

2. Control total conversion Unfortunately, the conversion of feed to products 
cannot be measured because of the large number of components. Even if 
conversion could be measured, the hundreds to thousands of reactions could 
not all be controlled independently. Therefore, the concept of partial control 
is employed (see Chapter 24), and a dominant variable is selected. For hy¬ 
drocracking, the weighted average bed temperature, WABT, is often used as 
an inference for conversion; it weights each bed temperature by the mass of 
catalyst in the bed. 

3. Reducing energy consumption An indication of this objective is the amount 
of material that bypasses the fired heater, because mixing cold and hot streams 
is less efficient than heating the total feed to the required temperature. 

4. Maintain yield and catalyst activity Notice that many different operations 
(i.e., values of T\ to T 4 ) could yield the same WABT; therefore, the distribution 
of individual bed temperatures is selected to provide the desired selectivity 
and catalyst life in the four reactors. 

5. Manipulated variable bounds Every manipulated variable (set point of 
secondary cascade controllers) must remain within specified maximum and 
minimum values. 

The MPC design for this process and objectives is also shown in Figure 23.11 
(Kelly et al., 1988). The controlled and manipulated variables are summarized in 
the following table. 


Set 

point 

Manipulated variables 

Controlled variables 

(in order of decreasing importance) 

no 

Fired heater effluent 

Bed 1 to 4 temperature < T mw 

T01 

Bed 1 inlet temperature 

WABT deviation from set point 

T02 

Bed 2 inlet temperature 

V01 % open deviation from set point 

T03 

T04 

Bed 3 inlet temperature 

Bed 4 inlet temperature 

Bed 1 to 4 temperature distribution 


The form of the MPC used industrially by Kelly et al. (1988) was the quadratic 
dynamic matrix control (QDMC) with constraint handling capability. Evaluation 
of the dynamic performance of the design indicated that it performed very well. 
During evaluation tests, no bed temperature exceeded its maximum limit; the most 
important variable (WABT) was controlled close to its set point; the bypass valve 
was maintained near the desired percent open; and each of the individual bed 
temperatures varied about their set points (Kelly et al., 1988; Stanfelj, 1990). 


EXAMPLE 23.8. 

DMC control was applied to a distillation tower in Example 23.6 for situations 
in which no constraints were encountered. Here, QDMC is applied to the same 


distillation tower for situations with constraints. Again, the tower is described in 
Example 23.1 and modelled in equation 23.5. The set point response is considered 
in this example, so that these results can be compared with the unconstrained 
results obtained in Figure 23.9a. 

The solution is developed with the QDMC controller described in equation 
(23.31) using the same values for the following parameters as used in the uncon¬ 
strained case in Example 23.6. 
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At = 1 MM = 5 NN = 20 LL = 100 WW| = ww 2 = 1 qq, = qq 2 = 0.02 

Input constraint. In this situation, the reboiler duty is limited because of a max¬ 
imum possible heating medium flow rate. The maximum amount of reboiled vapor 
is 14.1 kmol/min. The results are given in Figure 23.12a for a set point change in 
the X D controlled variable. Because one of the manipulated variables encounters 
a constraint, both controlled variables cannot be maintained at their set points. 
Since the QDMC objective [equation (23.29)] considers both controlled variables, 
the controller adjusts the one remaining, unconstrained manipulated variable to 
minimize the sum of the (squared) errors for the distillate and bottoms compo¬ 
sitions. Neither controlled variable achieves its set point, but each is maintained 
“close" to its set point. Modifications can be made to QDMC to select a priority 
ranking for controlled variables so that the more important can be returned to 
their set points when all controller variables cannot be returned to their set points 
(Swartz, 1995). 



Output constraint. Again, the set point response for a change in the X D set is 
considered. In this situation, the light key in the bottoms should be maintained be¬ 
low a specified limit or costly economic penalties would occur. The maximum value 
for X B is 0.0205, and this limitation is included in the QDMC controller through a 
very severe penalty on any X B values that exceed the limit. The results are given 
in Figure 23.125. To reduce the disturbance to X B due to interactions, the con¬ 
troller has slowed the adjustment to the manipulated variables slightly. Therefore, 
slightly more time is required to change the distillate composition, X D . However, 
the controller achieves the dual goals of reasonably fast X D response while X B is 
maintained within its specified upper limit. This excellent performance is due to 
the capability of the QDMC controller and the perfect model used in this simulation 
example. Such excellent performance would not be expected for a realistic non¬ 
linear process with dynamics changing due to alterations in operating conditions, 
but quite good performance can be achieved using centralized model predictive 
control. 


Given the success of centralized control, the reader may wonder about using 
this technology for centralized control of large plants having hundreds to thousands 
of variables. Although theoretically possible, such large MPC controllers are not 
now used because of (1) the difficulty in building the models, (2) the computa¬ 
tion time for solving the optimization problem, and (3) the challenge to the plant 
personnel in understanding the controller results. Typically, centralized MPC is ap¬ 
plied to blocks of variables that have substantial interaction among themselves and 
weak effects on the remainder of the plant. Thus, plants can have multiple central¬ 
ized, multivariable MPC and many single-loop controllers. Also single-loop con¬ 
trollers remain as lower-level, secondary controllers whose set points are adjusted 
by the higher-level MPC controllers. For example, PID controllers remain in the 
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FIGURE 23.12 


(a) Dynamic responses for closed-loop QDMC control with a maximum limit on the 
manipulated reboiled vapor rate. (Compare with Figure 23.9a.) (b) Dynamic 
responses for closed-loop QDMC control with a maximum limit on the controlled 
X B . (Compare with Figure 23.9a.) 














hydrocracker to control the furnace outlet and reactor inlet temperatures. Thus, 
even in the age of block centralized MPC, knowledge of single-loop control is 
important to the engineer! 

Non-Self-Regulating Processes 

The step weight model described in Section 23.3 is limited to processes that are 
stable and self-regulating so that they attain a steady state after a step input. As 
discussed in Chapter 18, many inventory processes (levels) are not self-regulatory, 
because they are pure integrators. The step response modelling method has been 
extended to integrators, and details are provided by Cutler (1982). 

23.8 □ CONCLUSIONS 

A practical method for centralized process control has been presented in this chap¬ 
ter. The general model predictive structure provides the framework for the control 
method, but the analytical design approach proves a limit to direct extension of 
the methods from Chapter 19. The novel modelling and numerical calculations of 
the dynamic matrix controller algorithm result in a method that can be applied to a 
wide range of processes. The addition of feedback and tuning parameters provides 
the basic centralized controller algorithm, with extensions possible for special sit¬ 
uations. The performance of the dynamic matrix controller has been demonstrated 
to be good for single- and multivariable systems. 
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The full power of centralized multivariable control becomes apparent through stud¬ 
ies of closed-loop systems. These questions build understanding of the assumptions, 
theory, and preliminary calculations that can be performed without preparing a com¬ 
plete design and simulation package. 




QUESTIONS 

23.1. Determine step response models (i.e., the step weights) for the following 
systems based on the continuous models already developed. Select ap¬ 
propriate values for the sample period, the input horizon, and the output 
horizon. 

Single-variable: 

(a) The three-tank mixing process, first-order-with-dead-time approxima¬ 
tion (Example 6.4, base case) 

(i b ) The series chemical reactors in Examples 3.3 and 4.12. 

Two-variable: 

(c) The blending process in Examples 20.6 and 20.10 

(d) The two processes with simple and complex interactive dynamics, B1 
and B2, in Example 21.4 

(e) The distillation tower under material balance regulatory control in 
equation (21.2) 

23.2. Calculate the dynamic matrix controller Kdmc for one of the single-loop 
processes already modelled in question 23.1. Select an appropriate input 
horizon and let ww = 1 for all controlled variables. The calculations can 
be performed on a spreadsheet or using a programming language. After the 
controller has been determined, evaluate the response of the controlled and 
manipulated variables to a step change in the set point without model error; 
this can be done by evaluating the product in equation (23.22), [AMV] = 
[KdmcHE- 0, where [E^] = [ASP]. Begin with qq = 0, and increase it. 
Select an appropriate initial value for qq. 

23.3. The step response model can be determined from empirical data. 

(a) Discuss the advantages and disadvantages for using sampled values of 
the original data for the model. 

( b ) Discuss the procedure required and likely results of fitting the coef¬ 
ficients cij in the following model to experimental data using linear 
least squares. Recall that this model will have between 20 and 50 co¬ 
efficients. 

k+] 

Yk +1 = y^fljAXa-j+i + To 
;=i 

(c) Are the dynamics of the sensor and the final element included in the 
models used in the design of the DMC controller? 

23.4. The DMC objective function selected to be minimized is the ISE over the 
output horizon. 

(a) What is the advantage of using the ISE rather than the IAE or (error) 4 ? 

( b ) From a necessary condition for a minimum (the gradient is zero), derive 
the equation for the DMC controller in equation (23.21). 

23.5. Derive the analytical model predictive controller for the following pro¬ 
cesses. For each, state whether the controller can be easily factored, and if 
so, select an IMC filter structure and time constant value(s) to give good 
dynamic performance. 



(a) The systems B1 and B2 in Example 21.4. 

(b) The blending process in Examples 20.6 and 20.10. 

(c) The distillation tower with material balance regulatory control in equa¬ 
tion (21.2). 

23.6. Discuss the effect on the closed-loop performance of the following changes. 

(a) Multiply every ww and qq by a positive constant. 

(b) Add a constant to the DMC objective function. 

(c) Change the units of one controlled variable, for example, the bottoms 
composition in Example 23.5, from mole fraction to mole percent. 

(d) Increase all qq by the same positive factor, maintaining all ww constant. 

23.7. Develop the appropriate step response model for a pure integrating level 
process. Describe how this could be used to model the process over a long 
time, without involving a summation of infinite length. 

23.8. Determine all calculations for adding feedforward control for a measured 
disturbance to the single-loop DMC control system in Example 23.5. The 
answer should include a block diagram, summary of controller execution 
calculations, and any new models and/or modifications to the controller 
Kdmc- The model for the disturbance is Gd(s) = 1 .0e~ 2 5s /(5s +1). Also, 
design a feedforward controller using methods in Chapter 15 and discuss 
the expected difference in performance. 

23.9. Determine all calculations for adding feedforward control for a measured 
disturbance in the feed composition to the multivariable DMC control sys¬ 
tem in Example 23.6. The answer should include a block diagram, summary 
of controller execution calculations, and any new models or modifications 
to the controller, Kdmc- The model for the disturbance is given in equation 
(23.5). Also, design a feedforward controller using methods in Chapter 15, 
and discuss the expected difference in performance. 

23.10. Criteria for zero steady-state offset from set point are presented in Chapter 
19 for IMC and Smith predictor designs. Determine the criteria for the 
DMC system to achieve zero steady-state offset for a steplike disturbance. 

23.11. Suppose that slower set point response was desired, but fast disturbance 
response was required. How could you modify the DMC control system de¬ 
sign to accommodate this performance requirement? (Hint: Review Chap¬ 
ter 19 for an approach to achieve this performance.) 

23.12. The DMC controller was described in this chapter using step response 
models to calculate the model to compare with the feedback measurement 
and to calculate the future performance without control, CVf. 

(a) Describe how the discrete models derived in Appendix F could be used 
for these calculations. 

(b) Could these models also be used to determine Kdmc? 
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In this final part, we complete the coverage of control engineering by addressing 
the design of process control systems. Design is perhaps the most challenging, 
yet enjoyable, subject in control engineering, because it enables us to use all of 
our analysis methods learned in the previous parts of the book. In fact, the entire 
point of the analysis methods is to enable us to design, and ultimately to build, 
equipment that functions according to requirements prescribed at the outset of the 
design procedure. 

Before introducing some of the main concepts and methods in this part, the 
term design needs to be discussed. There have been many attempts to provide 
a general definition of the term, but no single definition has achieved wide ac¬ 
ceptance. Here, we will simply describe the design function relevant to process 
control, without any claim to generality. 


Design is the procedure by which an engineer arrives at a complete control system 
specification that satisfies all performance objectives. 


It is important to recognize that the performance specifications are determined 
by the engineer at the first stage of the design procedure based on physics, chem¬ 
istry, and the marketplace, which defines production rate, product quality, and eco¬ 
nomics. The initial objectives are specified independently of the solutions possible. 
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The result of the design is a complete specification that satisfies the objectives, if 
possible. 

Five important features of design that distinguish it from previous topics are 
now discussed. The first major feature of design that was not as prominent in pre¬ 
vious material is the rich definition of the objectives or performance that the design 
is to satisfy. Thus, design involves considerable interaction between the objective 
statement and design results. The objective is usually stated to be the reduction 
of variability in the operation of a process plant. However, not all variability can 
be eliminated, and variability is much more important in some variables than in 
others. In fact, the plant is designed to provide specific variables and systems that 
can be easily adjusted with minimum effect on plant performance. For example, 
the cooling water, steam, electricity, and fuel systems are designed to be able to 
respond rapidly to demands in the plant. Thus, process control generally moves 
variability from important variables to less important variables. This is achieved by 
controlling the (important) controlled variables by adjusting the (less important) 
manipulated variables. Therefore, the control design must conform to the priority 
of variables indicated in the objective statement. 

The second major feature of design is the large number of decisions that 
can be considered. For the purposes of this book, the following categories of de¬ 
sign decisions are covered: (1) measurements and sensors, (2) final elements, (3) 
process design, (4) control structure, (5) control algorithms and tuning, and (6) 
performance monitoring. As has been seen many times in previous chapters, the 
process dynamics have a major effect on control performance. Thus, process design 
changes would be the preferred manner for achieving good control. When a plant 
is being designed initially, the engineers can make essentially any design changes, 
although equipment design changes to achieve good dynamic performance may be 
prohibitively expensive when compared to the alternative of additional instrumen¬ 
tation and control algorithms. Major process equipment options require a thorough 
safety, reliability, and cost analysis of the alternatives, which is beyond the scope 
of an introductory process control book but should be included in a plant design 
project. Therefore, only “minor” process design changes are considered here; ex¬ 
amples of minor changes are sizing inventory to attenuate variation and adding 
bypasses to add degrees of freedom and improve feedback dynamics. Typically, 
these are possible during initial design and as modifications to existing plants. 

The third feature of design is the sequence in which the decisions can be con¬ 
sidered. In previous chapters, relatively straightforward analysis methods were 
presented for, among other topics, controller tuning, cascade design, and multi¬ 
loop pairing. Each procedure could be represented in a flowchart or table, with a 
fixed sequence of steps without iteration. This is not the case for control design, 
where iterations are frequently required. The order is an especially important is¬ 
sue, because the initial decisions will place limitations on future decisions, and the 
limitations may not be easily predicted when the initial decisions are made. Thus, 
the engineer must be ready to rethink previous decisions and be willing to iterate 
by changing some decisions and repeating the design. 

The fourth feature is the ambiguity in determining the conclusion of the design 
procedure. One would have to evaluate most or all possible designs to be sure that 
the final design is the best. To respond quickly to market demands and limit total 
cost, the time for design is limited, and judgment must be used in deciding when 
the design is good enough. The typical procedure is to develop approximate bounds 



on the achievable performance and find a low-cost design that approaches the best 
performance. 

Also, situations arise in which the initial objectives lead to unacceptable de¬ 
signs that are very costly and unreliable; in such cases, it is the engineer’s task 
to alter the objective statement to meet the initial intent (e.g., make high-quality 
product safely), thereby preventing an unsatisfactory design. In fact, very restric¬ 
tive objectives may not be achievable in the situation defined. For example, for a 
specified disturbance in the feed composition and flow rate and available sensors, 
it may not be possible to control the product quality of a chemical reactor within 
very narrow bounds. Clearly, a major change in the process design or performance 
specification is required. 

The fifth feature of process control design is the concurrent application of pro¬ 
cess engineering and automatic control technologies. Automatic control principles 
may indicate that the feedback dynamics of a chemical reactor should be faster; 
then the chemical engineering principles can be used to select a process change 
(e.g., increasing the temperature or relocating the sensor). This tight coupling of 
process and control is the main reason why chemical engineers must learn con¬ 
trol and why a “control specialist,” without understanding of the process, cannot 
adequately perform the control design tasks. 

The previous material in this book has prepared us well for the design task by 
providing an understanding of fundamental principles. For example, we can deter¬ 
mine the relationship between the flow rate and the dynamic response of a process, 
and we can determine the manner in which the process dynamics affects feedback 
control system stability and performance. In addition to basic understanding, analy¬ 
sis provides methods for establishing quantitative relationships between adjustable 
factors (e.g., parameters and structures in control systems) and the behavior of the 
system. Thus, analysis directly provides methods for selecting cascade control 
or an inferential variable. The key point is that the fundamental analysis methods 
provide ihefoundationfor design and thus are employed throughout these chapters. 

It must be said at this point that control design—in fact all engineering 
design—is very challenging and requires considerable practice to master. Top¬ 
ics covered in previous chapters, such as single-loop controller stability analysis 
and tuning or feedforward controller design, can be learned quickly because they 
involve a relatively straightforward analysis. As the previous discussion indicates, 
the design engineer has to master and apply all technologies concurrently. Adding 
to the challenge is the lack of a single, structured procedure for control design. 
This is to be expected, because design involves an element of creativity in adding 
process or control equipment, altering objectives, and specifying control struc¬ 
tures. As the reader has already experienced, procedures for stimulating creativity 
cannot be reduced to a flowchart. However, much can be presented and learned 
about the design procedure. Certainly, general procedures can be applied to the 
tasks of collecting information, defining objectives, and evaluating common check¬ 
lists of potential decisions and outcomes. Also, typical sequences for considering 
control design decisions can be explained, although the best sequence is problem- 
dependent. Finally, examples demonstrating the interplay between process and 
control technology help the new engineer learn how to design. The chapters in 
Part VI provide guidance on performing the design procedure, by addressing its 
major features and supplying worked examples. 
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24.1 a INTRODUCTION 

Typically, the starting point for control system design and analysis is a preliminary 
process design, perhaps with some initial control loops, along with a specification 
of the desired process performance. This amount of initial information is realistic 
for existing plants, because the equipment is already in operation when an analysis 
to improve plant performance is carried out. It is also realistic for new plant designs, 
because a preliminary process structure (or alternative structures) must be available 
when dynamics and control are first analyzed. 

The required information must be recorded concisely, and the control design 
form described in the next section is proposed as a format for this record. A great 
advantage for using this form, in addition to giving excellent documentation, is that 
it provides a way to begin the design analysis. Often, the design problem seems 
so big and ill-defined that an engineer, especially one new to the technology, is 
unsure where to begin. By completing the thorough definition, the engineer begins 
the problem-solving process, and important issues and potential solutions become 
apparent. 

Potential actions required to achieve the desired process performance include 
(1) defining the control strategy designs, (2) selecting measured variables and in¬ 
strumentation (i.e., sensors and final elements), (3) specifying the process operating 
conditions, (4) making minor process changes such as adding a bypass, selecting 
an alternative manipulated variable, or changing the capacity of some equipment, 
or (5) making major process structure changes, such as changing from a packed- 
to fluid-bed reactor. The fifth possibility, involving major process alterations, is 
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excluded from this discussion, because such a major decision would require an 
analysis of the steady-state and dynamic behavior of an integrated plant involving 
many units, which is beyond the scope of this book. 

The six major categories of decisions made during the design procedure follow 
in the order covered in this chapter. 

• Measurements: selecting measured variables and sensors 

• Final elements: providing final elements with features contributing to good 
control performance 

• Process operability: providing good steady-state and dynamic behavior that 
enables the control performance objectives to be achieved 

• Control structure: providing the proper interconnection of measured and con¬ 
trolled variables via the control system 

• Control algorithms: selecting and tuning the proper algorithms for feedback 
and feedforward control 

• Performance monitoring: providing measurements and calculations for mon¬ 
itoring and diagnosing the process and control performance 

The application of previously introduced technology to achieve a control de¬ 
sign is explained in this chapter. All key elements of control design are demon¬ 
strated through application to an example design, which is introduced in the fol¬ 
lowing section. 


24.2 □ DEFINING THE DESIGN PROBLEM 

The first step in the design task is the definition of the “problem,” which per¬ 
haps should be referred to as an opportunity to apply our skills. We will retain 
the term problem because it is used commonly to describe the task of addressing 
complicated issues (e.g„ “problem solving”). A complete definition of the design 
problem may be difficult in the beginning of the analysis, and the need for addi¬ 
tional information may become apparent as the problem is analyzed. Therefore, 
the approach taken here is to provide a comprehensive form in which information 
can be recorded. The use of a form has several advantages. First, it serves as a 
convenient checklist so that the engineer is sure to address the important issues at 
the definition stage. Second, it provides a coherent, readable statement of goals, 
which can be reviewed by many members of a design team. Third, a form with 
topics concisely addressed under clear headings provides a structure that is easy to 
write and to use as a reference. Finally, additional information developed during 
the design analysis can be added at any time to the original form. 

The form used here is referred to as the control design form (CDF). It will be 
introduced by discussing the initial draft in Table 24.1 for the proposed flash process 
shown in Figure 24.1. The feed composition, flash temperature and pressure, and 
product compositions are identical to the example in Section 17.2, and the base- 
case values for all measured variables are reported in the “Measurements” section 
of Table 24.1. Note that the equipment in Figure 24.1 may be incomplete and 
contain errors. The control design for this process will be discussed as each major 
control decision category is introduced in this chapter, and a complete, error-free 
design will be developed by the end of this chapter. 



Process Fluid Steam 


Feed composition 
Methane 10% 
Ethane 20% 
Propane 30% 
/-butane 15% 
rt-Butane 20% 
/-Pentane 5% 




FIGURE 24.1 


Preliminary process and instrumentation for the flash process. 
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As is typical in problem solving, we will start with a definition of the con¬ 
trol objectives in the first major heading of the CDF. The control objectives are 
combined into the seven categories introduced in Chapter 2. The entries in each 
category must be concise but complete enough to provide the direction for the 
remaining design decisions. It is especially important to be as quantitative as pos¬ 
sible regarding the performance, giving performance criteria for specific scenarios. 
This type of specification provides the basis for the design, along with a way to test 
the performance of the design against the objectives. Remember that the control 
performance should be specified for particular operating conditions and time peri¬ 
ods; for example, (1) selected variables must remain within deviation limits from 
set point for a specified step disturbance; (2) the standard deviation for a variable 
must be no greater than specified over a day, week, or other interval; (3) a variable 
may not exceed its limits more than once per day; or (4) very undesirable con¬ 
ditions should not occur “under (essentially) any (conceivable) circumstances.” 
Additional examples are given in Table 24.1 for the flash process. 

The second heading contains information on the measurements provided for 
the control and monitoring system, which are crucial to the success of process 
control. The location of the sensor is shown in an accompanying drawing (i.e.. 
Figure 24.1), and the physical principle of the sensor and range are given in the 
CDF. Special features of a sensor, such as the update frequency for a discrete sensor 
like a chromatograph, should also be recorded. 

The final control elements are recorded under the third heading. The maximum 
capacity of the manipulated variable, typically the maximum flow through a valve, 
should be noted. Also, nonstandard features should be noted; for example, tight 
shutoff (i.e., the ability to prevent all flow); a valve that can open quickly; or a final 
element that has a restricted range (e.g., cannot be closed). The failure mode of the 
final element is important but is not recorded here, because it is usually indicated 
on the drawing. 

The fourth heading provides a place to document important limitations that 
could affect the control design. These are typically constraints on equipment and 
process variables. The limiting values and whether the constraint can be measured, 
along with the sensor type, should be recorded. The information should clearly 


TABLE 24.1 

Preliminary control design form for the flash process in Figure 24.1 

TITLE: Flash drum ORGANIZATION: McMaster Chemical Engineering 

PROCESS UNIT: Hamilton chemical plant DESIGNER: I. M. Learning 

DRAWING: Figure 24.1 _ ORIGINAL DATE: January 1, 1994 _ 

Control Objectives 

1. Safety of personnel 

(a) The maximum pressure of 1200 kPa must not be exceeded under any (conceivable) circumstances. 

2. Environmental protection 

(a) Material must not be vented to the atmosphere under any circumstances. 

3. Equipment protection 

(a) The flow through the pump should always be greater than or equal to a minimum. 

4. Smooth, easy operation 

(a) Control all unstable variables (liquid level) 

(to) All process variables should remain within reasonable ranges without undue operator actions 

(c) One variable should control the production rate with little variation 

(d) Control loops should function well independent of manual/automatic status of other loops; 
that is, the system should have good integrity 

5. Product quality 

(a) The steady-state value of the ethane in the liquid product should be maintained at its 
target of 10 mole% for steady-state operating condition changes of 

(i) +20 to -25% feed flow 

(ii) 5 mole% changes in the ethane and propane in the feed 

(iii) -10 to +50°C in the feed temperature 

(to) The ethane in the liquid product should not deviate more than ±1 mole% from 
its set point during transient responses for the following disturbances: 

(i) The feed temperature experiences a step from 0 to 30°C. 

(ii) The feed composition experiences steps of +5 mole% ethane and -5 mole% propane. 

(iii) The feed flow set point changes 5% in a step. 

6. Efficiency and optimization 

(a) The heat transferred should be maximized from the process integration 
exchanger before using the more expensive steam utility exchanger. 

7. Monitoring and diagnosis 

(a) Sensors and displays needed to monitor the normal and upset conditions 
of the unit must be provided to the plant operator. 

(to) Sensors and calculated variables required to monitor the product quality 
and thermal efficiency of the unit should be provided for longer-term monitoring. 

Measurements 


Variable 

Sensor 

principle 

Nominal value 
and sensor range 

Special information 

A1 

Chromatograph 

10,0-15 mole% 

Update every 2 minutes 

FI 

Orifice 

100, 0-200 


F2 

Orifice 

120, 0-150 


F3 

Orifice 

100, 0-200 


F4 

Orifice 

45, 0-90 


F5 

Orifice 

55, 0-110 


LI 

A pressure 

Range is lower 
half of drum 


PI 

Piezoelectric 

5000-15000 kPa 
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Measurements 


Sensor 

Nominal value 


Variable 

principle 

and sensor range 

Special information 

T1 

Thermocouple 

0, (—J50-100 °C 


T2 

Thermocouple 

25, 0-100°C 


T3 

Thermocouple 

90, 0-200 °C 


T4 

Thermocouple 

45, 0-200 °C 


T5 

Thermocouple 

25, 0-100 °C 


T6 

Thermocouple 

25, 0-100 °C 




Manipulated variables 

I.D. 

Maximum capacity (at design pressures) 


(%open, maximum flow) 


vl 

100%, 100 

v2 

53%, 189 

v3 

50%, 200 

v4 

14%, 340 

v5 

52%, 106 


Constraints 


Variable 

Limit values 

Measured/ 

inferred 

Hard/ 

soft 

Penalty for violation 

Drum pressure 

1200 kPa, high 

PI, measured 

Hard 

Personnel injury 

Drum level 

15%, low 

LI, measured 

Hard 

Pump damage 

Ethane in F5 

±1 mole% 

A1, measured, and 

Soft 

Reduced selectivity in 

product 

(max deviation) 

T6, inferred 


downstream reactor 


Disturbances 


Source Magnitude Dynamics 

Feed temperature (TO -10 to 55°C Infrequent step changes of 20°C magnitude 

Feed rate (Fj) 70 to 180 Set point changes of 5% at one time 

Feed composition ±5 mole% feed ethane Frequent step changes (every 1 to 3 h) 


Input 

vl 

v2 

v3 

v4 

v5 



Dynamic responses 

ut = all manipulated variables and disturbances) 
utput = all controlled and constraint variables) 


Output 


Gain 


Dynamic model 


(see Example 24.6} 


Additional considerations 


Liquid should not exit the drum via the vapor line. 
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indicate whether the constraint is soft or hard, along with the penalty for exceeding 
the constraint (e.g., yield loss, energy consumption, or equipment damage). A soft 
constraint can be violated for a short time and thus does not require the process to 
be shut down when the constraint is approached. An example would be a stream of 
material that, when not observing quality specifications, can be recycled or diverted 
to waste. Naturally, this is to be avoided but can be tolerated. The violation of a 
hard constraint causes severe safety or environmental hazards or costly equipment 
damage. Thus, a hard constraint must not be violated, and extreme measures, such 
as shutting down the process, are appropriate when a hard constraint is approached 
too closely. 

Since the main reason for control is to respond to input changes (disturbances 
and set points), proper design depends on a good definition of these changes, which 
are recorded under the fifth heading. Recall that the importance of disturbances 
was recognized and included in methods presented in previous chapters, such as 
cascade, feedforward, gain scheduling, inferential control, and multiloop pairing. 
Therefore, each source of disturbance should be identified, along with its frequency 
of occurrence and magnitude; this information is useful in evaluating the potential 
need for and success of various design options. If the disturbance can be measured, 
that should be noted for possible feedforward and gain scheduling control. 

The sixth heading covers dynamic responses between all process inputs (dis¬ 
turbances and manipulated variables), and all outputs (controlled variables and con¬ 
straints). Naturally, this information is essential for control design. The models at 
the design stage might be very qualitative (fast, slow), semiquantitative (dominant 
time constants), or reasonably accurate (transfer function). The level of modelling 
performed should match the accuracy required for the decisions made during the 
control design; this design step might be less demanding than control implemen¬ 
tation, which can be based on empirical models when the controllers are tuned. 

The seventh and final heading provides a location for special information that 
does not fit under the other headings. For example, perhaps a particular flow should 
not be adjusted rapidly because of the sensitivity of product quality to flow rate. 
These special items, which require sound chemical engineering analysis of the 
process, must be considered in process control design. 

This form may seem a bit pedantic, requiring excessive documentation for 
every decision; in fact, most control designs are performed in practice without 
such extensive documentation. The form is used here because it provides an ex¬ 
cellent structure for beginning engineers who, after gaining proficiency, will often 
be able to perform the analysis without the form. However, even the most experi¬ 
enced engineers benefit from this type of documentation for complex designs. It 
is important to recognize: 


Experienced engineers can sometimes bypass the control design form (CDF) docu¬ 
mentation, but they must perform a thorough analysis involving all information and 
issues included in the CDF. 


An excellent example of a control design definition is given in the ‘Tennessee 
Eastman Industrial Challenge Problem” (Downs and Vogel, 1993). While not or- 




ganized in the same format as Table 24.1, this definition contains essentially the 
same information and is sufficiently complete to enable independent teams to de¬ 
sign controls and compare results. Again, the definition in this realistic industrial 
design is complex, and a clear, written presentation is essential. 

The subsequent sections of this chapter discuss issues related to the six ma¬ 
jor design decisions made in control engineering based on the information in the 
CDF. During the design, the engineer may find that the initial information is not 
complete and may have to return to enter additional information or enhance the 
measurements and final elements provided. In fact, the initial performance objec¬ 
tives might not be achievable with the initial process equipment and disturbances, 
in which case the engineer must reevaluate the objectives and either relax the spec¬ 
ifications, alter the process design, or, if possible, reduce the disturbances. Such 
iterations are a natural part of the design process and do not necessarily indicate 
poor initial definition and analysis. 


24.3 t3 MEASUREMENTS 

The success of automatic process control, real-time monitoring, and long-term 
performance tracking in improving plant performance depends crucially on mea¬ 
surements. The engineer must first determine the process variables to be measured 
and select a sensor for each. In this section, several important issues in selecting 
variables and sensors are discussed. 

Measurement Feasibility 

When the value of a variable is needed, it can be obtained from at least two real¬ 
time methods. First, it can be measured “directly” by a sensor; as an example, a 
temperature can be measured by a thermocouple, although the actual value sensed 
is the voltage generated for a bimetallic connection with nodes at two tempera¬ 
tures: the reference and process temperatures. This sensor is called direct because 
the physical principle underlying the measurement is independent of the process 
application, and the relationship between the sensor signal and process variable is 
reasonably accurate. Examples of variables that can usually be measured directly 
are level, pressure, temperature, and flows of many fluids. Also, the compositions 
and physical properties of some process streams can be determined in real time 
with on-stream analyzers. 

In the second method, the variable cannot be measured, at least at reason¬ 
able cost, in real time, but it can be inferred using other measurements and a 
process-specific correlation. Inferential control is covered in detail in Chapter 17, 
so procedures for designing inferential variables will not be repeated here, except 
to emphasize that the acceptability of inferential control must be evaluated on a 
case-by-case basis. Examples of variables that are often inferred are composition 
of vapor-liquid equilibria (from temperature and pressure) and chemical reactor 
conversion (from temperature difference). 

Not all variables can be measured or inferred in real time. These variables have 
to be determined through analysis of a sample of material in a laboratory. When 
the sample and analysis can be performed quickly, the laboratory measurement 
value can be used for feedback control. There are many industrial examples of 


Measurements 

• Feasibility 

• Accuracy 

• Dynamics 

• Reliability 

• Cost 
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controllers that use laboratory results and are executed every few hours, such as 
the one described by Roffel et al. (1989). While not providing control performance 
as good as would be possible with on-stream analysis, this approach usually gives 
much better performance than not using the laboratory value. 


Accuracy 

As explained in Chapter 12, the term accuracy refers to the error between the true 
process variable and the sensor signal. The error is a property of the sensor and, 
usually, its range; thus, the range should be maintained only as large as needed 
to measure the expected variation of the process variable about its normal op¬ 
eration. An associated property of the sensor is reproducibility, which indicates 
the differences in the sensor signal at different times for the same value of the 
true process variable. Often, sensors that provide good accuracy cost more than 
those that provide only good reproducibility; therefore, it is important to recognize 
which property is most important in a process control design and select the sensor 
accordingly. 

For example, consider the process and control design in Figure 24.2, which 
includes cascade and feedforward. In determining whether accuracy or repro¬ 
ducibility is required, the key question is, “What is the purpose of the sensor?” For 
example, the objective of the feedforward controller is to adjust the manipulated 
variable for changes in the measured disturbance; therefore, it acts only on changes 
in the measured disturbance. In this situation, reproducibility of FI (i.e., reliable 
indications in the change of the disturbance variable) is more important than ac¬ 
curacy of the actual value. Similarly, the objective of the secondary controller in 
the cascade, FC, is to respond quickly to disturbances; therefore, reproducibility 
is again more important than accuracy. In contrast, the objective of the primary 
feedback controller in the cascade, Al, is to maintain the key output variable at the 
desired value; therefore, accuracy is required for this measurement. Analyses of 



FIGURE 24.2 

Example of feedforward-feedback control of a 
distillation tower product quality. 












TABLE 24.2 

Measurement objectives for various control structures 
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Control design 

Measurement accuracy required 

Only measurement 
reproducibility required* 

Single-loop feedback 

Product quality or other key 
variable 

Tight control not important; 
proper set point can be adjusted 
infrequently by a person to attain 
the desired operating condition 

Cascade 

Primary controller 

All secondary controllers 

Feedforward-feedback 

Gain schedule 

Measured variable for 
feedback controller 

Measured variable used in 
correlation to determine tuning 

Measured disturbance for 
feedforward 

Inventory 

Vapor: control must prevent 
violation of pressure limits for 
equipment 

Liquid; reproducibility is 
acceptible if the inaccuracy is 
small with respect to the level 
range 

Production rate 

(1) The exact flow rate control 
is required 

or 

(2) The measurement is used 
to determine the sales volume 

(1) Constant flow is important 
and 

(2) The goal is the proper average 
production over a day 

and 

(3) The production can be 
determined by accurate inventory 
measurement 

’This is for control purposes; monitoring may require accuracy. 



Measurements 


sensor applications yield the summary of measurement objectives in Table 24.2, 
which readers should verify for themselves. 

Some sensors have inherent inaccuracies that, if significant for a particular 
application, can be compensated in the input processing phase of the controller 
execution. As an example, the relationship between the pressure drop across an 
orifice and the volumetric flow rate is given by the equation 


F = 



(24.1) 


When the density of the fluid is not constant, both the density (p) and the pressure 
difference across the orifice plate (A P) could be measured and the appropriate 
calculation made in the control system to yield the corrected “measured” flow rate. 


Dynamics 

The dynamics of the process and sensors are present in the feedback loop and 
therefore influence control performance. The first step to improve control is to 
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select a location for the sensor that results in the fastest process dynamics in the 
feedback system. For example, the analyzer A1 in Figure 24.2 samples the vapor 
before the large first-order system that would have occurred if the analyzer had 
been downstream of the liquid inventory. 

An estimate of the effect of sensor dynamics can be obtained by performing 
either a dynamic simulation or a frequency response analysis of the closed-loop 
system with and without the sensor dynamics. These analyses in Chapter 13 con¬ 
cluded that the sensor dynamics should be fast, certainly much faster than the 
process dynamics. For common flow, level, pressure, and temperature sensors, the 
dynamic response of the sensor is not usually a limiting factor in control perfor¬ 
mance, except for control of fast machinery systems. However, many analyzers 
are slow, because of (1) their sampling systems, which extract material from the 
process and transport it to a remote analyzer, and (2) the time for analysis. Thus, 
these sensors often contribute substantial dynamic delay to the closed-loop system 
and degrade the control performance. When this situation occurs, a common step 
to improve the control performance is to use a fast sensor as an inferential variable 
that can be reset in a cascade design by the slower analyzer controller. 


Reliability 

Sensors used in control systems must be very reliable, because the failure of a 
sensor incapacitates the control loop and could lead to an unsafe situation. For 
example, a failure of the reboiler flow sensor in Figure 24.2, if not identified 
during input processing, could result in a zero value being used as the value of the 
controlled variable in the controller calculation. Since the measurement would be 
below the set point, the controller would rapidly open the reboiler valve completely, 
which could cause a pressure surge that might damage the trays. Some sensor 
characteristics that lead to lower reliability are (1) sensors contacting process 
fluids, (2) poorly designed sample systems that plug or extract an unrepresentative 
sample, and (3) complex chemical or physical analyses (Clevett, 1986). In many 
designs these characteristics cannot be eliminated, and the engineer should expect 
lower reliability. 

Cost 

The cost of a sensor is the total of equipment purchase, installation, maintenance, 
and operating costs. Most sensors have small operating costs, perhaps a small 
amount of electrical power for heating in cold weather; however, a sensor can 
occasionally contribute substantially to plant operating costs. An example is a flow 
sensor for gas in a pipe, where the standard orifice meter can be used to measure 
the flow, but the nonrecoverable pressure drop across the orifice can be large. If 
compression costs are significant, a sensor that has very low pressure losses (e.g., 
a venturi meter or pitot tube) could be used. The purchase and installation costs 
of the alternative meter would be greater than for the conventional orifice, but its 
total cost over several years would be lower. 

Finally, the primary use of the measured value should be considered in se¬ 
lecting a sensor. Fast dynamics would be an important concern for sensors used in 
feedback control. However, measurements for monitoring, especially longer-term 



process performance, may be satisfactorily supplied by sensors that are slower or 
of lower cost. 
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Measurements 

EXAMPLE 24.1. 

In this example, the sensors in the preliminary flash design in Figure 24.1 are 
considered. First, we notice that the sensors T2 and T5 are redundant and that 
redundancy is not needed, because this is not a critical measurement. Therefore, 
sensor T5 is removed. Second, it is noticed that the feed flow measurement FI 
is located after the flash valve, where the material is composed of two phases. 

However, the pressure drop across an orifice meter, which is the sensor principle, 
does not accurately or reproducibly relate to the actual flow when the fluid has two 
phases. Therefore, the flow meter location is moved before the first heat exchanger, 
where the material is always one liquid phase in this example. 

Third, the temperature indicating the flash, T6, is in the liquid inventory and will 
not rapidly respond to changes in the drum inlet temperature. Since this tempera¬ 
ture will be used as an inference of composition, minimum feedback dynamics is 
desired. Therefore, T6 is relocated in the vapor space, which has little inventory. 

To provide a reliable indication regardless of the flow patterns in the drum, the 
sensor is located in the pipe leaving the top of the drum. 


EXAMPLE 24.2. 

For the flash drum example, relate the sensors to the seven categories of control 
objectives. Present the results in a table similar to the presentations in Chapter 7. 

The following table summarizes the relationship between the control objec¬ 
tives and the sensors for the flash process: 


Control objective 

Process variable 

Sensor 

1. Safety 

2. Environmental protection 

Pressure in the closed vessel 

PI 

3. Equipment protection 

Liquid level in drum 

LI 

4. Smooth plant operation 

Pressure in the closed vessel 

PI 

and production rate 

Liquid in the drum 

LI 


Feed flow rate 

FI 

5. Product quality 

Liquid composition 

A1 


Flash temperature (inferential) 

T6 

6. Profit optimization 

Flow of steam 

F3 


Flow of process fluid 

F2 

7. Monitoring and diagnosis 

Flow rate of vapor product 

F4 


Flow rate of liquid product 

F5 

. . 

Process fluid exchanger duty and UA 

FI, F2,T1,T2, T3, T4 


Additional sensors will be added in this chapter after new issues related to safety 
have been introduced. 



24.4 3 FINAL ELEMENTS 


776 


CHAPTER 24 
Process Control 
Design: Definition and 
Decisions 



Example of use of final 
elements with small 
and large capacities to 
expand total range. 



Example of final elements that 
allow in or out flow. 


Large valve Small valve 



Example of the use of final elements with 
large and small capacities to improve 
accuracy in manipulations. 


All final elements that are adjusted by an automatic controller or adjusted frequently 
by plant personnel must be automated. The automation of a final element requires 
a power source that changes the final element’s value, usually the percentage valve 
opening, as determined by a signal transmitted from the control system. Many 
other final elements whose values change very infrequently are not automated and 
require a person to change their values manually at the equipment; thus, plants 
also contain many “hand valves.” Some of the important features for an automated 
final element are discussed here. 


Capacity and Precision 

The final element should have the capacity to influence the manipulated process 
variable over the required range. As an initial guideline, a control valve should be 
60 to 70% open at design conditions, so that the valve has considerable additional 
capacity to allow increased flow during disturbances or operation at increased 
production rates. However, each control system should be evaluated individually 
to ensure that the proper capacity exists. 

Special designs are required when the range of the manipulated variable is 
large. For example, the feed to the flash drum in Figure 24.3 can vary from a small 
to a large amount of light, vaporized material. To accommodate the small, normal 
flow, a valve with a small capacity could be provided. However, a valve with a much 
larger capacity is provided to satisfy the infrequent, large vapor flow. The control 
design, using split range, is shown in the figure. Another example demonstrates the 
need to consider the sign of the manipulated variable as well as the magnitude. The 
drum in Figure 24.4 normally has a small vapor product; however, sometimes there 
is no vapor. To ensure that the pressure can be controlled for both cases, the pressure 
controller must be able to manipulate the outflow of product vapor or an inflow of 
a compatible gas. The control design, using split range, is shown in the figure. 

A final element has a range over which it can accurately influence the manip¬ 
ulated process variable. For a typical control valve, the range of lowest to highest 
flows would be on the order of 1:20; thus, the range is quite large. In special cases, 
the control system might need to make quite small changes accurately when the to¬ 
tal flow is relatively large. A two-valve arrangement that achieves this objective for 
strong acid-strong base pH control is shown in Figure 24.5. Normally, the larger 
valve is held constant, and the much smaller valve is adjusted by the controller. 
The larger valve is adjusted only when the smaller valve has reached a maximum 
or minimum limit. Finally, cascade principles can be employed to improve the 
valve performance by including a valve positioner, as explained in Chapter 14. 


Dynamics 

Again, slow dynamic elements in the feedback system degrade control perfor¬ 
mance. Therefore, the final element response should be much faster than that of 
other elements in the system. Most valve percent openings are achieved within a 
few seconds of a change in the signal to the valve, so that the valve dynamics are 
negligible for all but the fastest process control systems. 














Failure Position 


The failure position is selected to reduce the hazard to people and environment and 
damage to equipment when the signal to the final element is lost (i.e., when the 
signal to the valve attains its lowest value). Most valves are specified to go to either 
fully open or fully closed upon loss of signal. The proper failure position of a valve 
must be determined through an analysis of the integrated plant to determine the 
proper manner for relieving, storing, and venting material during an emergency. 
Naturally, the integrated plant must have the capacity to process (i.e., condense, 
combust, or store) material that cannot be vented to the environment. 

EXAMPLE 24.3. 

In this example, the final elements in the preliminary flash design in Figure 24.1 are 
considered. First, the valve in the liquid stream, v4, appears to be oversized, since 
its capacity is about seven times the design flow. Therefore, the valve specification 
should be changed so that the maximum flow through v4 is changed to 53% 
opened at design for a maximum flow of about twice its design value. 

Second, the valve v2 is located in the condensate line, which means that the 
heat exchanger is behaving as shown in Figure 24.6a. In this design, the heat 
duty depends primarily on the area for condensation, which has a much higher 
heat transfer coefficient than the liquid-liquid film. As the valve is closed slightly, 
the liquid flow decreases, the area for condensation decreases, and the heat duty 
decreases. This is acceptable from a steady-state perspective; however, the dy¬ 
namic response of the process depends on the direction of change. Increasing 
the duty is rapid because the liquid can flow quickly from the exchanger, but de¬ 
creasing the duty is slow, because the liquid must condense and accumulate in the 
exchanger to reduce the area. A faster-responding design for both increasing and 
decreasing the duty is shown in Figure 24.6b, in which the steam flow is adjusted. 
Manipulating the valve in Figure 24.6b rapidly influences the steam pressure, and 
thus the temperature difference for heat transfer, to provide the amount of conden¬ 
sation needed. To complete the water material balance, the liquid condensate is 
collected in an inventory outside of the exchanger (in a steam trap), from which it 
is returned to the steam generators. The design in Figure 24.6b is preferred and 
will be used for the flash drum example. 


Final Elements 

• Capacity 

• Precision 

• Dynamics 

• Failure position 



Alternative process designs for condensing 

heat transfer. 
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Operability 


24.5 n PROCESS OPERABILITY 

One of the most important lessons in this book is that the process design and 
operating conditions have the most significant influence on control performance. 
Some processes are easily controlled; others require sophisticated algorithms to 
achieve satisfactory performance; and some processes cannot perform as required 
regardless of the type of control technology used. Thus, good control performance 
is one of the important goals of process design. Often, the ease with which a process 
is operated and controlled is referred to as operability. Some of the important 
factors that influence operability from the perspective of control performance are 
discussed in this section. The first topics address the possibility of control, and 
later topics address the quality of control performance. 


• Degrees of freedom 

• Controlled variables 

• Controllability 

• Operating window 

• Feedback dynamics 

• Disturbance dynamics 

• Inventory 


Degrees of Freedom 

The process must have sufficient manipulated external (independent) variables 
to control the specified (dependent) variables; if sufficient manipulated external 
variables are not provided, the desired control performance will not be achievable. 
Since the transient behavior is of interest, the degrees of freedom are determined 
by analyzing the dynamic model of the process. As presented in Chapter 3, the 
degrees of freedom of a system are 

DOF = NV - NE (24.2) 

with DOF = number of degrees of freedom, NV = number of dependent variables, 
and NE = number of linearly independent equations. In modelling, we checked to 
ensure that the degrees of freedom were zero so that the model was consistent with 
the exactly defined problem statement. However, an essential part of the design task 
is to provide a process that can achieve the specified control objectives; therefore, 


The process without the controllers must have zero degrees of freedom when all 
external variables have been specified, lb satisfy the control objectives, the number 
of manipulated external variables in the process must be equal to or greater than the 
number of dependent variables to be controlled. 


The reason for the first requirement—zero degrees of freedom for the model— 
was presented in Chapter 3. The second requirement is a minimum requirement so 
that the process has the flexibility needed to satisfy the control objectives. If the 
number of manipulated variables, i.e., control valves, is smaller than the number 
of controlled variables, the system is overspecified and cannot achieve all objec¬ 
tives. In other words, an attempt is being made to control more variables than is 
physically possible for a specific process design. Corrections include reducing the 
number of variables controlled or adding flexibility to the process by increasing the 
number of manipulated variables by, for example, adding heat exchangers, bypass 
flows, and so forth. When the number of manipulated variables is greater than the 
number of controlled variables, the system is underspecified; it is possible that the 
control objectives can be achieved by many combinations of manipulated-variable 
values, subject to further analysis of controllability and dynamic performance. 




Since the plant should have a unique operating policy, additional objectives, such 
as minimizing expensive fuel flows, can be added to the performance objectives. 

When the controllers are added, the number of manipulated variables that are 
externally determined does not change, but the external variables change from 
the final element positions (for the open-loop system) to the set points (for the 
closed-loop system). 

Selecting Controlled Variables 

Process performance is defined in the control design form and generally depends 
on many variables. It would be the best situation if we could measure and control 
all of these variables; however, we often cannot. For example, the flash process 
has two product streams and up to six components in each stream; therefore, the 
product qualities and profitability of the process depend on many variables. We 
generally do not measure all components in all streams and usually do not have a 
sufficient number of manipulated variables to control all of these important vari¬ 
ables independently. Therefore, we must recognize that we are often implementing 
partial control, in which only a subset of the process variables are measured and 
influenced by the manipulated variables. 


Partial control involves the measurement and control of a subset of the variables 
important for satisfactory product quality and high plant profitability. 


An important control design decision is the selection of variables to be mea¬ 
sured and controlled. This selection requires detailed knowledge of product quality 
specifications and likely plant disturbances, as well as a thorough understanding 
of process behavior. The selected variables should conform to the description of 
dominant variables given in the following summary. 


When dominant variables are maintained at their set points by automatic control, 
the process achieves acceptable product quality and profitability for the expected 
range of disturbances. 


Many variables are influenced by the manipulations that are made to control the 
dominant variables. For example, changing a reactor temperature changes all reac¬ 
tion rates, and changing a flash temperature changes all equilibrium compositions. 
Naturally, the control of dominant variables cannot provide satisfactory process 
performance over an unlimited range of disturbance types and magnitudes. Thus, 
the engineer must evaluate candidates using fundamental and empirical models of 
the process and knowledge of reasonable disturbances. 

Two important design decisions are required for successful partial control. 
The first decision is the choice of dominant variables that can be measured or very 
accurately inferred from measurements. Since onstream analyzers are costly and 
less reliable that sensors measuring temperature, pressure, flow, and level, some 
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effort is directed toward finding process environment variables; however, onstream 
analyzers are often required and can perform well when designed and maintained 
properly. The second decision is the manipulated variables in the process. These 
should yield a feedback system that provides controllability, rangeability (large 
operating window), and good dynamic performance, as discussed in the next few 
subsections. 

This discussion of partial control concentrates on closed-loop automatic con¬ 
trol of processes. However, we must also recognize the importance of feedback 
compensation that is effected through analysis and actions performed by plant per¬ 
sonnel at a much lower frequency than automatic control. Thus, the design should 
provide sufficient measurements, online or laboratory, and adjustable variables 
for this slow feedback correction. In this case, adjustable variables could be feed 
composition (through changes to feed-type purchase), catalyst properties (through 
gradual withdrawal and addition in fluidized beds), and equipment performance 
such as heat exchanger duties (through mechanical cleaning). 

Additional discussions of partial control and dominant variables with many 
process examples are available (Arbel et al., 1996; Luyben et al., 1998). 


Controllability 

A process design with the necessary number of manipulated variables is able to 
satisfy the proper number of objectives, but this circumstance is not sufficient to 
ensure that satisfactory control can be implemented. An additional requirement is 
that the process must be able to achieve the objectives for the specified controlled 
variables by adjusting the specified manipulated variables. The requirement to test 
this feature of the process is controllability, which was introduced in Chapter 20 
for a multivariable process. The definition of controllability used in this book is 
repeated here: 


A system is controllable if the controlled variables can be maintained at their set 
points, in the steady state, in spite of disturbances entering the system. 


Recall that the system is deemed controllable when the steady-state gain matrix 
relating the manipulated to controlled variables is nonsingular, that is, when its 
determinant is nonzero. (If the number of manipulated variables is greater than 
the number of controlled variables, the gain matrix must have a rank equal to or 
greater than the number of controlled variables. This means that a subset of the 
manipulated variables can be selected for which the square gain matrix including 
all controlled variables is nonsingular.) 

The controllability criterion was derived using the final value theorem, which 
requires some limitations to be placed on the process transfer functions Gij(s), 
basically that each be stable. The use of the final value theorem precludes most 
liquid levels, which are pure integrators and have transfer functions of the form 
G(s ) = k/s. Since most process plants have liquid levels, the method for determin¬ 
ing controllability should be extended to levels. To include integrating processes 
and maintain a simple analysis, we choose to consider the rate of change of the 




level as the controlled variable for the controllability analysis. Thus, the controlled 
variable is sL(s), and the transfer functions between the rate of change of level 
and the manipulated and disturbance variables are constants and thus stable. Then 
the final value theorem can be applied, and the test for controllability is valid. In 
this case, the definition of controllability is modified to include the rate of change 
of level being returned to its desired value of zero. 



Process Operability 


The analysis of degrees of freedom and controllability evaluates whether the speci¬ 
fied variables can be controlled by adjusting the specified manipulated variables in 
the region for which the linearized model is valid. 


This analysis does not indicate the control structure required to achieve stable 
control or the range of disturbances that can be corrected; nor does it predict the 
variability of controlled variables from their set points. 


Operating Window 


The degrees-of-freedom and controllability requirements ensure that for at least 
some disturbances of very small magnitude, the control system can return the con¬ 
trolled variables to their set points. For practical control performance, the process 
equipment must have the capacity or range to satisfy the control design objectives 
for disturbances of expected magnitudes. When analyzing the steady-state perfor¬ 
mance of a process, the capacity is often represented by an operating window, as 
presented in Chapter 20. The coordinates are important process variables, and the 
region of acceptable performance is indicated as a “window” that is surrounded 
by an “infeasible” region, which represents operation that is either undesirable 
or not possible. The boundary or “frame” of the window is defined by the con¬ 
straints in the control design form, and an important function of the control design 
is to maintain the process operation within the window. To achieve this goal, the 
manipulated variables must have sufficient capacity. 

Equipment sizing is often determined by a steady-state analysis that chooses 
equipment designs (e.g., heat exchanger area, pump capacity, and distillation tower 
diameter) to maintain operation within the window for a defined set of expected op¬ 
erating conditions, including disturbances. However, a steady-state analysis is not 
always sufficient, because a process can exceed the steady-state limits of possible 
operation during transients, as demonstrated by the following example. 

EXAMPLE 24.4. 

Consider the nonisothermal, continuous stirred-tank chemical reactor described 
in detail in Section C.2. The nominal design operating conditions are the same as 
given in Appendix C, Case I except for the inlet concentration, which in this exam¬ 
ple has an initial value of 1.0 and experiences a step change to 2.0 kmole/m 3 ; thus, 
this exercise investigates a dynamic response returning to the initial conditions. 

The dynamic response of the system for the step in inlet concentration is 
evaluated through numerical solution of the differential equations, and the results 
are given in Figure 24.7, which shows underdamped behavior. The same data is 
plotted in Figure 24.8 with concentration and temperature as the coordinates, and 
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Dynamic response for Example 24.4. 



FIGURE 24.8 

Steady-state operating window (solid) and dynamic 
trajectory (dashed) for Example 24.4. 


the solid line defines the steady-state operating window: that is, the entire region 
of possible steady-state operation with F c = 0.5 to 16.0 m 3 /min and C Ain = 1.0 to 
2.0 kmole/m 3 . The trajectory in response to the step in C Ain from 1.0 to 2.0 is shown 
as a dashed line with the arrows indicating the progression of time. Note that the 
transient begins and ends within the steady-state window, which it must, but that it 
violates the window by a considerable amount during the transient. This example 








demonstrates that the dynamic behavior of the process must be analyzed when 
determining the possible operating conditions that can occur in a process. 



Process Operability 


Given the importance of maintaining the process variables within an acceptable 
region and the fact that designing for a steady-state region does not eliminate the 
possibility of violations during transients, some equipment may have to have a 
greater capacity than required to meet steady-state demands in order to maintain 
all variables inside the window during transients (Rinhard, 1982). Failure to con¬ 
sider dynamics could lead to process designs that cannot perform properly during 
dynamic operation. 

After the feasibility of control has been determined from the steady-state 
analysis, the effect of process dynamics on control performance is evaluated. The 
dynamic performance of control systems has been addressed throughout the book; 
here a few of the major conclusions are reiterated. However, this is not a com¬ 
prehensive summary of important prior results, which would be very lengthy. The 
highlights are separated into discussions of feedback and disturbance dynamics. 

Feedback Dynamics 

The first three items in this section addressed the possibility of control; now, the 
performance issues are addressed. The process typically contributes the dominant 
dynamics in the feedback system; therefore, improving the process dynamics is 
especially important in improving control performance, as presented thoroughly 
in Chapters 13 and 21. Feedback process characteristics that contribute to good 
control performance include the following: 

1. The process should be self-regulatory and open-loop stable, if possible. 

2 . The process dynamics should be relatively constant as operating conditions 
change. 

3 . The process should have fast dynamics with a small dead time and no inverse 
response. 

4 . The multivariable process should have favorable interactions. 

The first characteristics are not required for good closed-loop control performance; 
however, stable, self-regulating processes are easier to operate in open loop (i.e., 
manually). Since all processes are operated manually on some occasions, they are 
included as good characteristics. The second characteristic of unchanging dynam¬ 
ics allows a controller with constant tuning to provide good control performance. 
If the dynamics change significantly, methods in Chapter 16 may be applied to 
compensate partially. 

Fast feedback dynamics can be achieved by reducing transportation delays 
through shortening pipes, reducing (numerous) time constants through decreas¬ 
ing inventories, and speeding thermal processes through lessening the accumula¬ 
tion terms associated with heat exchangers, tank walls, and so forth. These steps 
improve feedback dynamics and usually also reduce equipment size and cost. 
However, there is a limit beyond which process equipment cannot be modified, 
and other approaches are required to improve dynamics. For example, additional 
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improvements can be achieved by selecting the proper manipulated variable from 
several available; an example of this approach is discussed here with respect to the 
two temperature control systems in Figure 24.9a and b. The dynamics between the 
cooling (or heating) fluid flow and the temperature in Figure 24.9a is slow, because 
the temperature of the fluid and metal in the heat exchanger must be changed to 
affect the controlled variable. The design in Figure 24.9 b allows the ratio between 
the flow through the exchanger and the flow bypassing the exchanger to be adjusted 
to control the temperature. Thus, the design using the bypass would be preferred 
when good control performance is required, although the equipment cost would 
be slightly higher. Note that the engineer must be creative in adding flexibility in 
the equipment for improved control. 


Disturbance Dynamics 

The basic objective of process control is to compensate for disturbances; there¬ 
fore, the process should be designed to reduce the occurrence and effects of distur¬ 
bances. Previous analysis has established that feedback control is improved when 
disturbances have (1) small magnitude, AD, (2) small gain magnitude, Kj, (3) 
favorable directions or interaction (small relative disturbance gain, |RDG|), and 
(4) frequencies much higher than the bandwidth of the disturbance process (where 
the open-loop amplitude ratio, \Gj(Jo>)\, is small) or much lower than the critical 
frequency of the closed-loop feedback system. 

Many disturbances originate externally, such as from feed composition and 
cooling water temperature. However, the increased use of material and energy 
integration in process designs has increased the likelihood that variation in the 
process will negatively affect the dynamic performance of an associated process. 
As a simple example, consider the chemical reactor with a feed-effluent heat ex¬ 
changer and exothermic chemical reaction in Figure 24.10a. With no temperature 
control, an upset in the feed temperature affects the reactor inlet, which affects 
the reactor outlet, which again affects the reactor inlet. Thus, an energy recycle 
structure is created, which heightens the sensitivity to disturbances and could lead 
to instability for highly exothermic systems. Naturally, the recycle structure could 
be eliminated by using two exchangers with utility fluids: one to heat the feed and 
a second to cool the effluent. However, that design modification would lose the 
energy efficiency advantages of the design in Figure 24.10a. 



Alternative heat exchanger control designs. 










FIGURE 24.10 


Example of control design to reduce the effects of process integration. 


An alternative way to improve the disturbance response and retain most of the 
energy savings is to control the inlet temperature so that it is nearly independent of 
the reactor outlet temperature. The approach requires an additional manipulated 
external variable, which can be supplied with a bypass placed around the feed- 
effluent heat exchanger. An additional heat exchanger—which would likely be 
needed for startup anyway—may be needed to provide the heat duty lost due to 
the bypass. As shown in Figure 24.106, the reactor temperature could be controlled 
by adjusting the bypass around the feed-effluent exchanger, and the duty of the 
utility exchanger could be adjusted so that most of the feed preheat is supplied by 
the (inexpensive) heat integration. 

Two general points demonstrated by this example can be applied to most mate¬ 
rial and energy recycle systems. First, feedback effects of disturbance propagation 
due to a recycle can be attenuated by adding an alternative path or source/sink 
where the recycle occurs. Second, the maximum steady-state benefit of process 
integration cannot always be achieved because of the poor dynamic behavior; how¬ 
ever, most of the benefit can be realized by using the control methods demonstrated 
here while maintaining good control performance. 


Inventory and Flow 

Naturally, control of production rates and inventories is essential to good plant per¬ 
formance. The process should have sufficient inventories to ensure uninterrupted 
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FIGURE 24.11 


Use of inventory to improve 
control performance: (a) flow 
rate attenuation; (b) flow 
property attenuation. 


flows to pumps and smooth flow rate variations throughout the plant as shown in 
Figure 24.11 a. Good performance depends on the proper combination of inventory 
size and level control, including a nonlinear feedback algorithm where warranted. 
A straightforward manner for reducing the effects of disturbances in stream prop¬ 
erties, such as temperature and composition, is to locate an inventory between the 
disturbance source and the controlled variable, but not in the feedback path, as 
shown in Figure 24.116. However, inventories have disadvantages such as cost 
and hazards and large inventories are included sparingly—only when absolutely 
necessary to improve dynamic operation. 

The following examples evaluate the possibility of control for the flash exam¬ 
ple by analyzing the degrees of freedom, controllability, and operating window. 

EXAMPLE 24.5. Degrees of freedom 

To perform the quantitative aspects of the design analysis in this chapter, a model 
of the flash process in Figure 24.1 is required. The goal of the model is to repre¬ 
sent the dynamic input-output behavior of the system with accuracy adequate to 
make the design decisions correctly within the mathematical methods consistent 
with this book. Therefore, the model presented here is simplified to involve al¬ 
gebraic and ordinary differential equations (not partial differential equations) and 
approximate physical property data. The model is reported in Marlin (1995), and 
the analysis of the model for control system design is presented in this example. 

The physical system in this example is shown schematically in Figure 24.12. 
The changes in sensors and final elements proposed in previous examples have 
been included. 

Assumptions 1. All volumes are well mixed. 2. Densities, heat capacities, and 
heat transfer coefficients are constant. 3. Heat losses are negligible. These as¬ 
sumptions are common to all sections of the models. 



FIGURE 24.12 


Approximate system used for modelling the flash process. 









TABLE 24.3 

Degrees off freedom for the flash process 
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Section 

1 

2 

3 

4 

Total 

Number of equations 

11 

13 

24 

18 

65 

Number of dependent variables 

12 

13 

24 

17 

65 

Number of external manipulated variables 

1 

1 

1 

SsMM 


5 


Process Operability 


Analysis. The analysis begins with a summary of the degrees-of-freedom anal¬ 
ysis of the mathematical model, which is summarized in Table 24.3. The table 
presents the analysis of each section separately; however, the condition of zero 
degrees of freedom is required only for the complete process, not for any subsec¬ 
tion. With all sections considered, the degrees of freedom for the entire system can 
be determined by summing the variables and equations to give DOF = 65-65 = 0; 
thus, the system is exactly specified. Also, the total number of manipulated ex¬ 
ternal variables (valves) is 5; thus, no more than five dependent variables can be 
controlled. 


EXAMPLE 24.6. Controllability 

Next, the controllability of the flash system is evaluated. Since five manipulated 
variables exist, the possibility of controlling five variables is investigated. Con¬ 
trolled variables are selected so that the control system achieves the specified 
objectives. Typical variables are the process feed flow (F|) and the liquid product 
quality (A| measures the mole% ethane in the liquid product). The pressure of the 
flash drum (Pi) should be controlled for safety and product quality, and the unsta¬ 
ble liquid level (LO should be controlled for smooth operation and to prevent an 
overflow into the vapor line. Recall that the controllability of the rate of change of 
level, sL|(s), is determined, because the level process is an integrating process. 
Since this system is the same as the flash example in Chapter 17, which demon¬ 
strated that the flash temperature is a good indication of the liquid composition, 
the temperature ( T 6 ) is provisionally selected as a fifth controlled variable. 

The linear gains needed for the controllability check could be determined 
analytically for simple models. In this example they were determined numerically 
by introducing small changes in each manipulated variable and determining the 
steady-state value of the variables F\,P U A U and T 6 and the rate of change of the 
level, L\. The resulting equations are as follows: 


- F, - 


“ur 


- 0 

0 

2.00 

0 

0 

t 6 


V2 


0.0708 

0.85 

-0.44 

0 

-0.19 

Ai 

= K 


with K = 

-0.00917 

-0.11 

0.132 

0 

0.043 

P 

dL 


V A 


0.567 

6.80 

1.39 

0 

-5.86 


- 1 > 5 - 


.-0.0113 

-0.136 

0.31 

-0.179 

-0.0265. 

- dt ~ 








detK = -6.7 x 10" 7 » 0.00 


(24.3) 

(24.4) 


The result indicates that this 5x5 system is not controllable. The reason becomes 
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V|(r) 


v 2 (s) 



• Other manipulated variables and disturbances 
are not shown. 

• V] and v 2 have no effect on F t . 

FIGURE 24.13 


Block diagram of effects of v i and t> 2 . 


apparent when the values of the coefficients in the linearized models for t>i and v 2 
are compared. The first and second columns in the matrix in equation (24.3) are 
different by only a multiplicative constant, which indicates that these two manipu¬ 
lated variables have the same effect on all of the controlled variables. The lack of 
independence can be seen clearly in the block diagram of the effects of uj and t> 2 
on the controlled variables in Figure 24.13. Note that both manipulated variables 
affect the flash temperature, and it is only through the effect on flash temperature 
that they influence the other controlled variables. Therefore, it is not possible to 
achieve independent steady-state values for any two controlled variables in equa¬ 
tion (21.3) by adjusting v t and v 2 . As a result, it is concluded that it is not possible 
to control the five variables by adjusting the five manipulated variables in equation 
(24.3). 

However, it is possible to control a different selection of five controlled vari¬ 
ables in this process. For example, it is possible to control variables F t , Pi, A|, 
and T 2 and the rate of change of the level, sL\, with the five valves v t through v 5 . 
This can be seen in Figure 24.13 by the fact that T 2 is affected by v { but not by v 2 , 
thus introducing an independent relationship. 

Since T 2 is not related to the control objectives, the decision is made to reduce 
the controlled variables to four and eliminate one manipulated variable. Since no 
control objective requires a specific behavior for T 6 , it is eliminated; also, one of the 
two manipulated variables in Figure 24.13 must be eliminated; here, t> 2 is retained 
and i>i is eliminated. When this is done, the 4 x 4 system is controllable, as follows: 


F, -| 




- 0 

2.0 

0 

0 

A| 

= K 

U 3 

with K = 

-0.11 

0.132 

0 

0.043 

P\ 

dL 


6.8 

1.39 

0 

-5.86 


-v 5 - 


.-0.136 

0.31 

-0.179 

-0.265. 

~ dt ~ 








(24.5) 

det K = -0.126 ^ 0.00 (24.6) 


EXAMPLE 24.7. Operating window 

In addition to ensuring that the system is controllable, which is exact only in a 
small (differential) region about the steady state, the operating window should be 
analyzed to ensure that sufficient flexibility exists for expected changes in external 
disturbances and set point changes. A sample operating window is given in Figure 
24.14 for the flash process with the product composition (A1) and pressure (PI) 
controlled at their set points and the design values for the other external variables, 
such as feed composition. In this example, the limits to the window are from 

1. The minimum external feed temperature, T 2 = -10 

2 . The minimum feed flow, Fi = 60 

3 . The maximum heating ( v 2 fully opened) 

4 . The maximum flow of product (u 4 fully opened) 

5 . The minimum heating (i)| fully closed) 

In all of these cases, the frame of the window was selected so that all control valves 
are at least 5% from their limits of 0 through 100%; thus, all controlled variables 
can be regulated, at least for small disturbances, within the window and on the 
frame. Additional cases demonstrate that the process can satisfy the requirements 
specified in objective 5a in the CDF. The large operating window involves the cost 




Feed flow 

FIGURE 24.14 

Operating window for flash process. 
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of purchasing larger equipment, and the capital costs must be balanced with the 
advantages of flexibility. 

Further development of the control system, including the proper utilization of 
the T 6 sensor and a strategy for adjusting the additional manipulated variable (u 2 ). 
is given in the next section on control structure. 


The operating window depends to some extent on the control design. In Exam¬ 
ple 24.7 the window is determined assuming that both heating valves are adjusted 
(by the control system) in response to the feed rate and temperature disturbances. 
After the control design has been completed, we must ensure that this assumption 
is satisfied; if not, we should reevaluate the operating window actually achieved 
with the control system. For example, if only one heating valve were manipulated, 
the size of the operating window would be smaller. 

In conclusion, the process design and operating conditions have important 
effects on control performance that should be carefully analyzed by the control 
engineer. First, the possibility of control is determined by evaluating the degrees 
of freedom, controllability, and operating window; if the results indicate that the 
control objectives cannot be achieved, equipment sizing and process structures 
would have to be modified. Second, those processes that satisfy the preliminary 
criteria are evaluated for control performance, which depends on the feedback and 
disturbance dynamic behavior. Quite simply, feedback dynamics should be fast, 
and disturbance dynamics should have a small gain and long time constants. 


24.6 m CONTROL STRUCTURE 

The control system should be designed to give the best performance possible for 
the process. The comments here refer to multiloop control technology. 
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Controlled-Manipulated Variable Pairing 

The variable pairing should yield a loop with a significant process gain. If the 
process gain is too small, the controller will not be able to return the controlled 
variable to its set point when disturbances occur. If the process gain is too large, 
the controller will be required to adjust the manipulated variable with great accu¬ 
racy; since such accuracy is usually not possible (for example, because of valve 
sticking and hysteresis), oscillations will occur. The process gain can be expressed 
in dimensionless form (scaled), ( K p ) s , by relating the variables to their ranges. 


tv ^ _ v range of MV 

\&p)s — Ap rr^\T 

1 range of CV 


(24.7) 


The typical range of values for this dimensionless process gain is 0.25 to 4.0. 
Values outside this range are possible but should be evaluated carefully so that 
satisfactory manipulated-variable capacity and sensor reproducibility are provided. 
Note that this evaluation requires an estimate of the expected disturbances. The 
control systems in Figures 24.3 to 24.5 demonstrate approaches to loop pairing 
with extreme demands on valve range. 

The loop pairing should be selected with regard to the effects of interaction 
in multiloop systems. Analysis methods for multiloop systems were presented in 
Chapters 20 and 21 (which the reader might review at this point) and are briefly 
summarized as follows: 


1. Automatic control should be provided for all non-self-regulatory or open-loop 
unstable variables, because if they are not controlled, they will drift out of the 
acceptable operating region. Manual regulation of such variables is difficult 
and time-consuming for plant personnel; reliable process operation requires 
automation. 

2. Normally, variables are not paired when their relative gains are negative or 
zero. This will make the tuning process easier and will result in better per¬ 
formance when some control loops are not functioning (i.e., are in manual or 
have manipulated variables at their upper or lower limits). 

3. The dynamics of the feedback loop pairings should be fast, with small dead 
times and little inverse response. The most important controlled variables 
should be paired to give fast feedback loops, even though this might somewhat 
degrade the performance of some variables of less importance. 

4. The pairings should be selected to reduce unfavorable interaction and increase 
favorable interaction. The relative disturbance gain (RDG) can be used as an 
indication of how a pairing might affect the control system performance. 

Finally, when the system has an unequal number of controlled and manipulated 
variables, the control structure should be able to alter the pairings to ensure that the 
objectives are attained. Methods for decentralized multiloop control are split range, 
signal select, and valve position controllers, which were presented in Chapter 22; a 
method for centralized multivariable control is Dynamic Matrix Control, presented 
in Chapter 23. 



Disturbances 

The effects of disturbances should be reduced through good control design. Two 
very effective designs that reduce the effects of disturbances are cascade and feed¬ 
forward control, covered in Chapters 14 and 15. 

EXAMPLE 24.8. 

In this example, the control structure in the flash process is considered. First, the 
inventories should be controlled, and the natural pairings are the drum pressure 
with the vapor exit valve (v 5 ) and the drum liquid with the liquid exit valve (t> 4 ). 
Also, the feed flow rate should be controlled, and valve t> 3 should give fast control. 

Second, the measurements to be controlled are selected with considera¬ 
tion for the goal of partial control. The performance of this process depends 
on concentrations of all six components in the two product streams, but all of 
these compositions cannot be controlled with the process equipment provided. 
The statement in the control design form indicates that not all variables are re¬ 
quired to be constant; only the concentration of ethane in the liquid must be 
controlled. Therefore, ethane liquid concentration is a dominant variable for this 
process, and we select this as a measured variable to be controlled. Since the 
onstream composition sensor requires two minutes to analyze each sample, feed¬ 
back control will be rather slow. We recognize the close relationship between 
the composition and the process environment variables pressure and temper¬ 
ature, and evaluate each for possible inferential/cascade control. Adjusting the 
flash drum pressure to achieve acceptable composition would generally require 
excessive pressure variation (and expensive vessels, pipes, and pumps); there¬ 
fore, we select temperature. The good inferential relationship between tempera¬ 
ture and composition in this process has been thoroughly analyzed in Section 
17.2. 

This cascade observes the design rules introduced in Chapter 14: the sec¬ 
ondary variable is measured, indicates important disturbances, depends in a 
causal manner on the manipulated variable (u,) t and has faster dynamics than 
the primary, because of the slow primary measurement. Recall that adding this 
controller does not change the degrees of freedom, because one external vari¬ 
able (the T 6 set point) becomes a dependent variable, one equation (the con¬ 
troller) is added, and one external variable (the analyzer set point) is added. 
Also, since the process equipment is unchanged, the operating window is not 
affected. 

Third, the control objectives state that the process fluid flow to the first heat 
exchanger should be maximized before the steam is used to heat the feed. This is 
a system with one controlled variable and two manipulated variables with a fixed 
priority of adjustment. Therefore, a split range control design can be used. The 
resulting design for the product quality control is shown in Figure 24.15. Again, the 
split range controller does not violate degrees-of-freedom requirements, because, 
as discussed in Chapter 22, only one valve is adjusted at a time. The controllability 
of the system is ensured when either u, or v 2 is manipulated, as indicated in Figure 
24.13 and as can be verified by evaluating the appropriate gain matrix. 

The loop pairing can also be analyzed using methods introduced in Chapters 
20 and 21. For example, the relative gain array (RGA) can be applied to ensure 
that the design does not violate guidelines such as not pairing on negative RGA el¬ 
ements. Following the suggestion of McAvoy (1983), the relative gain is calculated 
using the self-regulating variables and the rate of change of the integrating level. 
Thus, the steady-state gains for this 4x4 control system are those in equation 
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Process v 5 



Control design to speed feedback disturbance 
response and optimize the use of heating 
sources. 


(24.5). The relative gain array is 


t> 2 v 3 v 4 i> 5 


RGA = 


F, 

A, 


Ft 

dLi/dt 


0 10 0 

1.83 0 0 -0.83 

-0.83 0 0 1.83 

0 0 10 


(24.8) 


Based on selecting pairings with positive relative gains, the analysis recommends 
the pairings FI ->• v 3 ,A1 ->■ v 2 (which we have selected via T 6 as a cascade), 
PI -► u 5 , and LI -» v 4 . The analysis confirms the “common sense" selections 
based on semi-quantitative reasoning. 


In conclusion, design of the proper control structure requires considerable knowl¬ 
edge of process dynamics, dominant disturbances, and equipment capacities. The 
control structure is tailored to satisfy the performance objectives for the process 
using the appropriate methods in Parts III through V. 


24.7 □ CONTROL ALGORITHMS 

After the control structure has been selected, the algorithms and tuning can be 
selected to give the best performance for that structure. 


Feedback and Feedforward 

Feedback control should be used extensively, because it corrects for all distur¬ 
bances, even unmeasured disturbances, that influence the measured controlled 
variable. All of the feedback single-loop enhancements, such as cascade and gain 
scheduling, should be considered to improve the control performance of a feedback 
system. Feedforward control should be considered as an enhancement to feedback 
control when the feedback process is difficult to control because of long dead time 
and unfavorable interaction. 






Algorithm 

The control algorithm should be matched to the application. In particular, most 
feedback systems desire zero steady-state offset; therefore, this requirement should 
be satisfied by including the integral mode in the PID controller or by appropri¬ 
ate considerations in a model predictive controller. Based on its generally good 
performance and widespread acceptance, the PID controller should be used for 
most multiloop feedback control systems. Only when another algorithm provides 
demonstrably better performance should it be chosen over the PID. There are 
some cases, such as loops with inverse response or very long dead times [and large 
6/(6 + t)], where a predictive controller might give better performance. 

The feedback controller should be selected to be relatively insensitive to mod¬ 
elling errors, and the associated tuning errors, for the expected range of errors. 
Most single-loop feedback control algorithms satisfy this requirement. However, 
sensitivity analysis showed that some multivariable control designs (e.g., decou¬ 
pling and centralized DMC control) are sensitive to certain model errors when the 
process has strong interactions (i.e., large elements in the relative gain array). 

Tuning 

Tuning parameters for all algorithms should be based on a careful analysis of the 
desired performance of all process variables. Typically, empirical methods are used 
for determining models for tuning. However, fundamental models are very useful 
for (1) verifying empirical results, (2) determining how model parameters depend 
on process operation (e.g., throughput), and (3) providing models for complex, 
nonlinear processes. 

It is important to remember that the manipulated variable in a control system 
(e.g., steam flow) is another plant variable. The engineers involved with plant 
design and operations are responsible for ensuring the availability of appropriate 
utility systems that can be varied to control the process. However, extreme variation 
in the manipulated variable can cause disturbances in other units in the plant. 
The typical relationship in feedback systems was covered in Chapter 13, where 
it was shown that in the region of good tuning, the variability of the manipulated 
variable increases as the variability of the controlled variable decreases. In most 
cases, tuning can be selected to reduce the variability in the manipulated variable 
significantly, with only a small increase in the controlled-variable variability. For 
this reason, as well as for robustness, the controller is normally tuned to eliminate 
extreme variability in the manipulated variable. 

Often, the tuning parameters do not have to be modified in response to mod¬ 
erate changes in process operation, because the dynamic responses do not change 
significantly over the range of operation. Recall that 10 to 20% errors in parameters 
are common. However, if the changes in process operating conditions are large or 
the process is highly nonlinear, the controller tuning should be adjusted in real 
time to maintain stability and acceptable performance. Approaches for adapting 
the tuning, having the goal of maintaining the same stability margin (and relative 
control performance), were explained in Chapter 16. 

Finally, the tuning of multiloop controllers must be performed with consid¬ 
eration of the interaction among loops. This issue, along with tuning guidelines, 
was discussed in Chapters 20 and 21, where it was shown that the relative gain 
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gives some indication of the extent that tuning must be adjusted to account for 
interaction. Also, the relative importance of the controlled variables is considered 
when tuning the controllers, with the tuning selected to reduce the deviation of the 
most important variables from their set points. 

EXAMPLE 24.9. 

In this example, a few issues related to tuning the controllers for the flash process 
are discussed. First, the order of the tuning is important. The level controller tuning 
can be determined without experimental modelling using the vessel size, and 
because the level is non-self-regulating, it should be tuned first. No specification 
is placed on the variability of the liquid leaving the drum, and a proportional-only 
controller with tight level tuning is selected because of the importance of not having 
liquid carry over. Also, the pressure in the drum could easily exceed its limits and 
should be tuned next using the standard methods. Then, the split range controller, 
T 6 , will adjust D| and v 2 . The dynamics between the valves and the temperature 
sensor can be expected to be different, and the gain matrix in equation (24.3) 
shows that the steady-state gains are different by a factor of about 12. Thus, the 
tuning of the T 6 PI controller should be adapted based on the condition of the split 
range. Finally, the analyzer measurement is updated only every two minutes; this 
long execution period for the feedback controller will require some detuning using 
the guidelines from Chapter 11 (0' = 0 + Ar/2). 




c 

24.8 0 CONTROL FOR SAFETY 

Before completing the discussion on design decisions, safety must be discussed. 
Safety is addressed in the first control objective, and some control decisions, such 
as controlling the pressure in the flash process, have been made to satisfy safety 
requirements. However, special control system features are required, because of 
the importance of this objective. These features are often implemented in multiple 
layers, with every layer contributing to the safety of the system by taking actions 
only as aggressive as required for the particular situation (AIChE, 1993; Crowl 
and Louvar, 1990). 

Basic Process Control System (BPCS) 

The first layer involves the basic process control approaches discussed in prior 
sections, which employ standard sensors, final elements, and feedback control 
algorithms. This first layer maintains the process variables in a safe operating 
region through smooth adjustment of manipulated variables; this action does not 
interfere with, but rather usually enhances, the profitable production of high-quality 
material. However, the basic control system relies on sensors, signal transmission, 
computing, and final elements, which occasionally fail to function properly. In 
addition, the process equipment, such as pumps, can fail. Even if all elements are 
functioning properly, the control system may not maintain the system in the safe 
region in response to all disturbances; for example, a very large disturbance could 
cause a deviation of key variables into an unacceptable region. 

The basic process control layer can employ standard techniques to improve 
its response to a fault. For example, the use of several sensors with a signal select 
reduces the effect of a sensor failure. (An example is the temperature control system 


in Figure 22.10, which can reduce the likelihood of a temperature excursion due to 
the failure of a single temperature sensor.) Also, the use of split range control allows 
a controller to manipulate an additional (e.g., larger-capacity) valve in response 
to an unusual circumstance. An example of this approach is given in Figure 24.3. 
However, these techniques do not reduce the likelihood of injury or damage to 
an acceptably low probability; therefore, additional layers are implemented to 
improve safety. 

Alarms 

The second layer involves alarms, which are automatically initiated when variables 
exceed their specified limits. These alarms involve no automatic action in the 
process; their sole purpose is to draw the attention of the process operator to a 
specific variable and process unit. The person must review the available data and 
implement any actions required. A great advantage of involving operators is their 
ability to gather data not available to the computer. For example, an operator can 
determine the values of instruments that display values locally and can check the 
reliability of some sensors as part of the diagnosis. The operator usually takes 
action through the process control system; these actions could include placing a 
controller in manual status and adjusting the manipulated variable to a new value. 
Since the final element may not be functioning, the operator has the option of 
going directly to the process and adjusting the valve manually (or having this task 
performed by another person). 

It is good practice for the alarm to be based on an independent sensor, because 
using the same sensor for alarm and control prevents the alarm from identifying 
the failure of the sensor to indicate the true value of the process variable. An alarm 
is shown on a process drawing with a three-letter identification; the second letter is 
“A” to designate alarm and the third letter is either L (low) or H (high). For example, 
PAH indicates an alarm when the pressure measurement exceeds its high limiting 
value. The alarm is usually annunciated by activating a visual indicator (e.g., a 
blinking light) and an audio signal, beeping horn. These signals continue until the 
operator acknowledges the alarm; thereafter, the visual indicator remains active 
(e.g., a nonblinking light) until the variable returns within its acceptable limits. The 
blinking light indicates the variable involved, its current value, its alarm priority, 
and whether the variable has exceeded its high or low limit. Alarms can be arranged 
into three levels, depending on the severity of the potential consequences of the 
process fault or upset: 


LEVEL 1 (HIGH). These alarms are designed to indicate conditions requiring 
prompt operator action to prevent hazards or equipment damage. Special color 
and visual displays and a distinct audio tone should be used to alert the operator. 
Examples of level 1 alarms are high pressure in a reactor; low water level in a 
boiler; and activation of a safety interlock system that has stopped operation of 
some processes (see next topic). 

LEVEL 2 (MEDIUM). These alarms are designed to indicate conditions re¬ 
quiring close monitoring and operator action to prevent loss of production or other 
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costly (but nonhazardous) situations. The operator typically has some time to an¬ 
alyze the alarm, along with other measurements, and make corrections that can 
maintain the process in an acceptable region of operation. These alarms should 
be annunciated in the same general manner as the level 1 alarms, although with 
distinct colors and tones. 

LEVEL 3 (LOW). These alarms identify conditions that are not critical to the 
operation of the process and require no immediate action by the operator. These 
can be entered directly into a database for occasional review by the operators and 
engineers. These alarms should not be annunciated. 

Some care must be taken in designing alarms. The major issue is the overuse of 
alarms. Kragt and Bonten (1983) report that an operator in an industrial processing 
plant experienced an average of 17 alarms per hour and that the operator took an 
action after only 8% of these alarms! Most of the alarms were not necessary and 
needlessly distracted the person. Such poorly designed alarm systems lead to lack 
of attention by the plant personnel to the occasional, but critical, important alarm. 

Safety Interlock System (SIS) 

The third layer involves automatic feedback control for situations when process 
variables approach “hard” constraints that should not be exceeded; these could 
cause injury to people or the environment or damage to expensive equipment. 
Because of the importance of preventing such situations, the actions taken are 
extreme and disrupt the process operation; usually, they stop all or part of the 
process operation by immediately closing (or opening) key valves to move the 
process to a safe condition. These control systems are termed safety interlock 
systems (SIS) or emergency shutdown systems (ESS). 

As with alarms, this control layer should use a sensor independent of the 
basic control system; in addition, this automated system should use a final ele¬ 
ment independent of the basic control system. The equipment selected for this 
purpose must be of the highest reliability possible. Depending on the severity of 
the consequences, this layer may use several sensors and final elements. In some 
applications, three sensors are used, and the feedback control system bases its deci¬ 
sion on the majority of the three; this approach prevents an occasional (individual) 
sensor failure from stopping process operation, while identifying an actual dan¬ 
gerous condition with high reliability. The control action taken is straightforward 
and simple to implement. Typically, a solenoid valve, which is normally closed to 
hold the air pressure to the pneumatic valve at a high value, opens and vents this 
pressure to atmospheric upon receiving a failure signal, allowing the pneumatic 
valve to attain its failure position. If this action is taken on a valve that is also 
used for basic process control, the solenoid valve is placed between the controller 
output and the valve; thus, under normal circumstances, the controller adjusts the 
control valve without alteration, whereas a failure signal disconnects the controller 
output from the valve, which goes to its failure position. 

The valve selected for use in an SIS should have a capacity large enough to 
handle the largest expected flow. For example, a valve to vent a distillation tower 
may be based on a situation in which the condenser fails. Also, the manipulated 



variable should have a very fast effect on the key process variable and be able 
to maintain the process in the safe region; thus, dead times and time constants 
should be small. The limiting value for the initiation of the SIS is selected to be in 
the safe region and far enough from the undesired value that the largest expected 
disturbance will not cause an unsafe condition. 

The manner in which a safety interlock system is shown on a process drawing 
depends on the complexity of the logic. If only one measurement is compared with 
its low or high limit, a two-letter designation is used, with the second letter being 
“S” for switch; for example, LS is a switch that changes state based on a level 
measurement. If the logic is complex, perhaps using many sensors, all measured 
signals are connected to an “SIS” symbol, and the SIS is connected via signal lines 
to all manipulated valves (or motors, etc.). Separate documentation is required for 
the more complex SIS systems. 

Safety Valves 

The fourth layer involves feedback systems that are self-actuating, that is, which 
do not require electrical, pneumatic, or hydraulic power sources and have no sig¬ 
nificant distance of signal transmission. These features contribute to very high 
reliability. The major application at this layer is the safety valve, which is a valve 
normally held closed by a spring. When the pressure reaches the preset limit, the 
force due to the process pressure is high enough to overcome the force of the spring, 
and the valve begins to open. When the process pressure decreases, the safety valve 
is designed to close. The engineer must be sure that the material flowing through 
the safety valve can be either (1) released to the environment safely (e.g., steam), 

(2) processed to eliminate hazards (e.g., combusting hydrocarbons), or (3) retained 
in a containment vessel for later processing (e.g., wastewater storage and nuclear 
plant containment building). 

These layers should be carefully designed, properly installed, and meticu¬ 
lously maintained. Through good or poor practices, the high level of safety may be 
enhanced or compromised. A few of these good practices are given in Table 24.4. 

TABLE 24.4 

Good Practices in Control for Safety 

1. Never bypass the calculation (logic) for the SIS; that is, never turn it off. 

2. Never mechanically block a control valve so that it cannot close. 

3. Never open manual bypass valves around control and shutdown valves. 

4. Never "fix" the alarm acknowledgment button so that new alarms 
will not require the action of an operator. 

5. Avoid using the same sensor for control, alarm, and SIS. 

6. Avoid combining high- and low-value alarms into one indication. 

7. Evaluate the selection of alarms critically. Do not have too many alarms. 

8. Use independent equipment for each layer, including computing equipment. 

9. Select emergency manipulated variables with a fast effect on the key process variable. 

10. Use redundant equipment for critical functions. 

11. Provide capability for maintenance testing, because the systems are normally in standby. 
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The final layer involves containment, such as dikes, for major incidents. This layer 
may not prevent major hazards, but it can prevent their propagation to other sections 
of a plant and to the surrounding community. Other design issues, such as reliable 
electrical power supply, are also important for safety control; these are covered in 
the references. 

EXAMPLE 24.10. 

In this example, safety controls for the flash process are considered, and the 
results are shown in Figure 24.16. 

There are several issues at the basic process control system layer. First, the 
pressure in the closed vessel should be controlled, and the valve in the overhead 
vapor line is a natural choice for the manipulated variable, because it has a very 
rapid effect on pressure. Second, the liquid level should be maintained within rea¬ 
sonable limits, and the valve in the bottom exit is a natural choice for manipulation. 
To prevent the liquid flow through the pump from falling below the minimum, the 
level controller could reset the flow controller set point, with the set point bounded 
to always be above the limit. Third, the use of a temperature cascade improves 
the reliability of the product quality control, because the analyzer would be much 
more likely to fail than the temperature sensor. Finally, the failure positions of the 
valves are selected to reduce the likelihood of high pressure, high temperature, 
and an overflow of liquid in the vapor line. 

The alarm layer could conceivably include high and low alarms on every 
variable, but this would lead to excessive interruptions for the operator. Here, 
alarms will be placed on high pressure and high and low level. The analyzer 
measurement would normally not be alarmed unless composition variation led to 
unsafe conditions. 

An SIS system would not normally be employed in this process. However, as 
an example, we will assume that the objective of preventing a liquid overflow in 
the vapor line from the drum is critical [see Kletz (1980) for an industrial example]. 
A different type of sensor is used for the SIS; this sensor provides redundancy 



Safety-related controls for the example flash process. 











and diversity at the SIS level. This level sensor is used to determine when the 
level approaches the limiting value and to activate the emergency action to re¬ 
duce the feed flow to zero. Both the control valve and an independent valve are 
used to enforce this SIS. When the safety interlock system activates, the process 
will experience a major disturbance, and the product will not observe the quality 
specifications. 

The drum can be closed by the (improper) operation of the control valves; 
thus, a safety valve should be included, as shown in the figure. The combustible 
material must be contained or processed; typically, it would be diverted to a plant 
fuel system or combusted in a flare. 
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The multiple-layer approach described in this section provides excellent pro¬ 
tection for most chemical processes. The reader must be aware of the importance 
of excellent detailed design and construction of equipment for safety control. This 
section simply presents some introductory concepts and is not meant to teach the 
practice of safety in design. The novice should refer to the many industrial stan¬ 
dards and engage experienced consultants when designing safety control systems. 

24.9 0 PERFORMANCE MONITORING 

Monitoring should be considered at the design stage to ensure that the important 
performance measures are identified and that the sensors with required accuracy 
are provided. The most important purpose of short-term monitoring is to enable 
the plant operator to diagnose incipient problems, preferably before the problems 
worsen and cause major upsets. The purpose of longer-term monitoring is not 
only to record the performance but also to diagnose the reasons for good and poor 
performance. The results of this diagnosis can be used by the engineer as a basis 
for improving product quality, equipment performance, and profit through changes 
in operating conditions, control designs, and process equipment. 

Real-Time Monitoring for Process Operation 

The plant operators are part of the overall “control system”—that is, they are re¬ 
sponsible for many feedback control tasks that are not automated, such as switching 
from one feed tank to another. Also, they are responsible for supervising the pro¬ 
cess equipment and automatic control system. To perform these tasks, operators 
require a thorough understanding of the process, along with rapid access to many 
measured values. The system designer must recognize that because the diagnosis 
of the control system, including sensors, is an important task, the operators need 
parallel information on key variables provided by independent sensors. The alarm 
feature of control systems, discussed in the previous section, can help the operator 
monitor hundreds of variables by drawing attention to variables that are outside of 
their normal operating ranges. 

Variability of Key Process Variables 

Individual measured variables can be analyzed as part of a longer-term monitoring 
program. The average values of most important variables provide a quick indication 
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of the process performance, and when the average is not close to the desired value, 
improvement is clearly in order. However, good performance is not ensured when 
the average conforms to the desired value, as demonstrated in Chapter 2. The vari¬ 
ability is important in determining the plant performance, because average process 
performance depends on the length of time each variable spends at values in the 
distribution. This concept is shown in Figure 24.17. The average performance 
can be calculated from the empirically measured distribution without making as¬ 
sumptions concerning the normality of the distribution, and a broad distribution 
indicates considerable operating time far from the best conditions, even if the 
average conditions seem acceptable. 

The total number of incidents also gives valuable insight into performance. 
One type of incident is the activation of alarms, with each important alarm moni¬ 
tored separately. Care should be taken in monitoring alarms, because one process 
disturbance can cause numerous alarms before the plant operation is returned to 
normal conditions. Other incidents include the number of times important con¬ 
straints are violated, such as products outside specified quality limits, and the 
activation of safety interlock systems. Each major incident provides valuable in¬ 
formation on the performance of the process and controls, which can be used in 
designing improvements. 

Calculated Process Performance 

In many cases, the performance of important process units can be estimated from 
measured variables. Some of these variables indicate the overall performance of 
the plant (e.g., energy consumption per kilogram of product sold). These are useful 
in indicating the overall performance but not usually complete enough to direct 



FIGURE 24.17 
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Schematic of the procedure relating a key process 
variable to performance. 









diagnosing and improving performance. However, monitoring the performance of 
individual units provides very useful information. For example, the efficiency of a 
boiler gives insight into the performance of the excess-air control system, as well 
as other factors such as the heat transfer coefficients. Commonly monitored calcu¬ 
lated variables are compressor and turbine efficiencies, heat transfer coefficients, 
fired-heater efficiencies, and the selectivity of chemical reactions to desired versus 
undesired products. 


Utilization and Performance of Control 

The fraction of time that each control system is in operation in automatic should be 
monitored. Although this information cannot be used to diagnose control perfor¬ 
mance, a low service factor (time used/time should be used) is a clear indication 
of unsatisfactory performance, at least in the opinion of the process operators. 
More information can be determined from dynamic plant data on the performance 
of the control system. Methods are available for estimating (1) the best possible 
feedback control, (2) the improvement possible with feedforward control, and (3) 
likely deficiencies in the existing control system (e.g., feedback controller tuning 
or feedforward disturbance model). These methods rely on mathematical analysis 
that is beyond the level of this book, but they require only simple interpretation of 
graphical results by plant personnel after they are implemented (see the Additional 
Resources in Chapter 9). 

EXAMPLE24.il. 

In this example, monitoring for the flash process in Figure 24.1 is discussed. First, 
the averages and standard deviations of important process variables should be 
calculated from real-time data. Typically, the most important variables would be 
the flow rates, the flash temperature, and the liquid composition. The loss of heavy 
material in the vapor could be monitored through infrequent samples analyzed in a 
laboratory. Second, an appropriate sensor should be selected if an accurate mea¬ 
surement of the vapor flow rate is needed, perhaps for a record of sales. If an orifice 
meter is used in a stream with changing pressure, composition, or both, the den¬ 
sity and the pressure drop are required to measure the mass flow rate accurately. 
Finally, the process performance would depend on the heat transfer coefficient in 
the process fluid heat exchanger. This could be monitored using measured tem¬ 
peratures and flows. A low value of the heat transfer coefficient, based on process 
data that satisfied material and energy balances (and thus is considered accu¬ 
rate), along with high steam use would indicate poor performance. Performance 
could be improved by taking the heat exchanger out of service for a short time to 
clean the surface. 


24.10 m THE FLASH EXAMPLE REVISITED 

The original design in Figure 24.1 has been discussed in the examples in this 
chapter, where the improvements summarized in Table 24.5 were proposed. The 
final design, which incorporates all improvements except the SIS on high level, is 
shown in Figure 24.18. This design satisfies the objectives in the control design 
form and is typical for industrial systems. 


802 


TABLE 24.5 


CHAPTER 24 
Process Control 
Design: Definition and 
Decisions 


Summary of design decisions for the original flash process 


Design decision 


Measurements 

F| moved to one-phase flow region 
r 5 redundant measurement removed 

T 6 moved to vapor space for faster response 

Final elements 

Vi changed to steam flow 
t> 4 reduced maximum flow 

Process 

Analyzed degrees of freedom; five manipulated variables exist 
Analyzed controllability to determine that only four (meaningful) 
variables can be controlled 

Operating window large enough to satisfy objectives 

Control structure 

Cascade from A\ to T 6 inferential variable 

Split range to adjust both heating valves 

Algorithms 

Standard PI control except for P-only level controller 

Adaptive tuning for T 6 when changing the split range 

Safety 

Basic regulatory control of inventories with minimum liquid flow 
Valve failure modes 

Alarms on pressure and level 

Safety interlock system for high level 

Monitoring 

Correct vapor flow for density 

Monitor heat exchanger UA 

Monitor product quality (AO variance 



Modified design for the flash process incorporating improvements in 
Table 24.5. 


EXAMPLE 24.12. 

In this example, the dynamic responses for the flash process in Figure 24.18 with 
recommended control is evaluated for a step change in feed composition, with the 
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FIGURE 24.19 


Transient response for final flash process and control design for the feed composition 

disturbance. 


The Flash Example 
Revisited 


ethane increasing 5 mole% and the propane decreasing by the same amount. The 
transient behavior is shown in Figure 24.19. The ethane in the liquid is maintained 
within the specified limits of 10 ± 1 mole% during the transient and returns to its 
set point; if the analyzer feedback were removed, the ethane concentration in 
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the liquid product would exceed the acceptable limits during the transient and at 
the steady state. Other cases demonstrated that the design, including analyzer 
feedback, could maintain the ethane in the liquid within the limits for the other 
disturbances defined in the control design form in Table 24.1. Thus, this process 
and control design is deemed acceptable. 


24.11 n CONCLUSIONS 

Many issues must be considered in control design. Assuming that the principles 
in the previous parts of this book have been mastered, the challenges in design are 
to (1) recognize the issues important for control along with potential results and 
(2) develop a method for addressing the design task. 

This chapter addressed the first challenge by presenting issues in the six cate¬ 
gories of control design decisions: sensors, final elements, process design, control 
structure, control algorithms, and monitoring. Naturally, the issues discussed were 
not a complete listing of all possible items, but they included the most important 
issues in typical systems. The analysis of degrees of freedom and controllability 
were reviewed and their applications to control design demonstrated. Again, we 
see the importance of the process equipment design and operating conditions on 
process control, since these determine the operability of the system. 

The control design form (CDF) was introduced in this chapter to address the 
second challenge. By completing the CDF, the engineer can begin the problem¬ 
solving task with a complete problem definition without prejudging possible de¬ 
signs. The format provides a helpful checklist with sufficient memory aids to enable 
the engineer to address all of the important topics. 

In addition, the engineer would benefit from a road map for the analysis and 
decision making during the design process. Is it best to start with the sensors, with 
the process, or with the algorithms? This important topic is covered in the next 
chapter, where a sequential design method, with checks for iterations, is presented 
along with some additional examples. 
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Process and control designs are based on analysis of process behavior and con¬ 
trol structure performance. This analysis may be analytical, numerical, or semi- 
quantitadve, depending on the type of information available and the necessary ac¬ 
curacy of the results. The problems in this chapter give opportunities for all three. 


QUESTIONS 

24.1. (a) When pumping or compression costs are high, incentive exists for 

controlling flows at minimum cost. Suggest approaches for controlling 
flow rates with low pressure drops across sensors and valves. 

(i b ) Discuss the response of systems when the sensor, rather than the valve, 
fails to function properly. How can safety be ensured in such situations? 
(c) Discuss a quick method for determining the maximum number of vari¬ 
ables that can be controlled for a completed process design. Assume 
that a detailed process schematic (piping and instrumentation drawing) 
is available, but a detailed mathematical model is not. 

(i d ) Discuss why controllability is analyzed with a linear model whereas 
the operating window is determined based on a nonlinear model. 

(e) If a system is controllable and has a sufficient operating window, will all 
possible loop pairings provide stable dynamic performance (assuming 
proper constant tuning)? 

(f) If the process dynamics are overdamped, would variable values be¬ 
tween two steady states within the operating window remain within 
the window during the transient response? 

24.2. (a) Generalize the controllability test for non-self-regulating systems. 

(b) The definition for controllability employed in this chapter is appropri¬ 
ate for many, but not all, processes. Discuss other definitions (e.g., for 
batch processing) and define appropriate tests. 

(c) The test for controllability requires a “square” system (i.e., one with 
the same number of manipulated and controlled variables). What if 
the number of manipulated variables is greater than (or less than) the 
number of controlled variables? 

24.3. The design for the mixing process without reaction in Figure Q24.3 is to 
be analyzed. Additional information is 

(1) The inlet stream consists of two components A and S with equal 
densities. 

(2) The pressures Pi, Pz, and P4 are determined externally. 

(3) Pressure Pj is constant. 

(4) All pressure drops occur across the control valves. 

(5) The tank is well mixed. 

(6) The installed characteristics of the valves are linear. 

(a) Develop a dynamic model for this process and analyze the degrees of 
freedom. 

(b) Based on this drawing, determine the maximum number of variables 
that can be controlled (without equipment changes). 



Questions 
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(c) Determine whether the system is controllable when controlling the 
feed flow rate and the tank level with the valves shown. Add sensors 
and sketch the design. 

id) Determine whether the system is controllable when controlling the 
tank level and tank concentration (jca) with the valves shown. Add 
sensors and sketch the design. 

( e ) Reconsider part (d) above with the following process modification. A 
new pipe and valve (V 3 ) are added to inject a flow of pure component 
A into the feed stream. All three valves are available for manipulation. 


24.4. Review the excellent design problem published by Downs and Vogel (1993). 
Transfer this problem statement into a specification in a control design form. 
Can you completely translate the statement into the form? Is it easier to 
read in this form than in the original paper? 


24.5. The chemical reactor in Figure Q24.5 has the following properties: well 
mixed, isothermal, constant volume, constant density. The chemical reac¬ 
tion occurring is A B with the reaction rate r A = -kC A . The concen¬ 
trations of the reactant and the product can be measured without delay. 

(a) The total feed flow (F) and the feed concentration (C A o) are the poten¬ 
tial manipulated variables for the reactor effluent composition control. 
Construct a regulatory control scheme that will control these two vari¬ 
ables (F, C A o) simultaneously to independent set point values, and 
sketch it on the figure. You may place the sensors and final elements 
for these variables anywhere you think appropriate. 

( b ) Derive a dynamic model for Cb(s)/C A o(s). Analyze the model re¬ 
garding (i) order, (ii) stability, (iii) periodicity, and (iv) step response 
characteristics. 

(c) Derive a dynamic model for Cb (s)/F(s ). Analyze the model regarding 
(i) order, (ii) stability, (iii) periodicity, and (iv) step response charac¬ 
teristics. 

(d) Based on the results in (b) and (c), which of these two manipulated 
variables would provide the best feedback control for Cb for a set point 
change using PI feedback control? 

24.6. Part of a proposed control design for a blending process is given in Figure 
Q24.6. In addition, the composition of A is to be controlled by adjusting one 
or more flow set points. The objectives are to control the product flow tightly 
and the composition as tightly as possible; disturbances are in component 


Solvent 



90% A 


10% A 



FIGURE Q24.6 
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compositions and changes to the product flow set point; no constraints are 
encountered. Critically evaluate the proposed control, make any changes 
to provide closed-loop flow control, and design the composition feedback 
control. 

24.7. Discuss the need for accuracy or reproducibility for the sensors in the 
control designs in the following figures: 15.12,15.13,17.16, V.2, and 22.10. 

24.8. The level process with control design in Figure Q24.8 is proposed to you. 
Evaluate whether the system can maintain the levels within their limits for 
changes in the flow from tank 2. Estimate the control performance and 
make changes, if required, to provide satisfactory performance. 


PI controller 



24.9. The well-mixed, constant-volume chemical reactor with separator and re¬ 
cycle in Figure Q24.9 is considered in this question. The reactor has a 
single reaction A -> B with r A = —kC\. The separator makes a perfect 
separation of the product and the pure reactant, which is recycled to the 
reactor feed, and the separator dynamics and transportation delays are very 
fast and will be assumed at quasi-steady state. 

(a) Assume that the fresh feed rate (Fj) is controlled constant. The ma¬ 
jor disturbance is temperature, which can be taken to be a change 
in the reaction rate constant. Based on a dynamic model of the pro¬ 
cess, determine an analytical relationship between the disturbance 
and (1) the recycle flow and (2) the reactor concentration. Determine 
how the dynamic behavior is affected by the steady-state conversion, 
(Cao — C A )/C A o. 

(b) Discuss the factors that would influence the choice of the best reactor 
conversion in a typical industrial process. 

(c) Determine a simple change to the control design that substantially 
reduces the effect of the disturbance (without controlling temperature). 

24.10. If you have not completed questions 15.2 and 18.13, it would be worthwhile 
to do them now. 
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24.11. The design in Figure Q24.ll is proposed for an isothermal, well-mixed 
CSTR with a single reaction, A —>• B with r A = —kC\. The main distur¬ 
bance is a steplike disturbance in the feed flow rate, and real-time measure¬ 
ment and control of the compositions is not possible. Evaluate the control 
performance (i.e., the deviation of the composition) for (a) perfect PI con¬ 
trol of the level (the level exactly remains at its set point at all times) and ( b ) 
P-only control of the level. Which approach gives a smaller deviation for 
the compositions from the initial conditions at the final steady state? Does 
your answer depend on the tuning of the P-only controller? If so, what is 
the best value of the controller gain? 


^in 



24.12. Given the process schematic in Figure Q24.12 and the following data, 
determine the heat transfer coefficients for the three heat exchangers, and 
explain the assumptions you made in performing the calculations. If you 
performed this analysis over a long period of time, what useful information 
would you determine? 


T\ = 20, T 2 = 42, T 3 = 45, 7 4 = 68 , T 5 = 76, T 6 = 88 , J 7 = 71, 

Tg = 75, T 9 = 31°C 

F, = 50, F 2 = 50, F 3 = 56, F 4 = 150 m 3 /h 

p = 0.8 x 10 6 g/m 3 and C p = 0.75 cal/(g °C) for the streams measured 
by F\ and F 2 

p = 1.0 x 10 6 g/m 3 and C p = 1.00 cal/(g °C) for the stream measured 
by F 3 

p = 0.75 x 10 6 g/m 3 and C p = 0.71 cal/(g °C) for the stream measured 
by F 4 


24.13. Expand the following designs by adding (i) alarms, (ii) safety valves, (iii) 
final element failure directions, (iv) emergency safety controls, and (v) 
sensors for monitoring process performance. You may add sensors or final 
elements as necessary; also, specify whether each sensor should provide a 
signal that is highly accurate, or merely highly reproducible. 

(a) The fired heater in Figure 17.17 

(b) The distillation column in Figure 21.14 

24.14. The CST mixing process in Figure Q24.14 is proposed. The goal is to con¬ 
trol the effluent composition and temperature. Evaluate the design, suggest 
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FIGURE Q24.12 



FIGURE Q24.14 


a proper loop pairing, and suggest process or control objective modifica¬ 
tions, if necessary. 

24.15. A gas distribution system for a chemical plant is shown in Figure Q24.15. 
Several processes in the plant produce gas, and this control strategy is not 
allowed to interfere with these units. Also, several processes consume gas, 
and the rate of consumption of only one of the processes can be manipu¬ 
lated by the control system. The flows from producers and to consumers 
can change rapidly. Extra sources are provided by the purchase of fuel gas 
and vaporizer, and an extra consumer is provided by the flare. The rela¬ 
tive dynamics, costs, and range of manipulation are summarized in Table 
Q24.15. 

(a) Complete the blank entries in the Dynamics column in Table Q24.15. 

(b) Design a control strategy to satisfy the objectives of tight pressure 
control and minimum fuel cost. You may add sensors as required but 
make no other changes. 

(c) Suggest process change(s) to improve the performance of the system. 
(Hint: Before designing the controls, determine the correct response 
for all valves as the ratio of producing to consuming gas flows changes 
from much greater than 1.0 to much less than 1.0.) 

24.16. The dynamics of an isothermal, constant-volume, constant-feed flow rate, 
well-mixed CSTR are to be evaluated for feedback control in this question. 
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TABLE Q24.15 


Flow 

Manipulated 

Dynamics 

Range (% of total flow) 

Cost 

Producing 

No 

Fast 

0-100% 

n/a 

Consuming 

Only one flow 

Fast 

0-20% 

Very low 

Generation 

Yes 


0-100% 

Low 

Purchase 

Yes 


0-100% 

Medium 

Disposal 

Yes 


0-100% 

High 


The feed consists entirely of component A, the chemical reaction is 

a£b 

and the rates are first-order for both directions. 

(a) Derive the dynamic model of the input-output system between Cao and 
Ca. What conclusions can be determined regarding stability, periodic¬ 
ity, and either overshoot or inverse response for a step input? Describe 
the expected control performance for a step set point change. What tun¬ 
ing method could be used for a PID controller? Would you recommend 
feedforward control to improve the performance for a disturbance in 
temperature? 

(b) Answer questions ( a ) for the input-output system Cao and Cb- 

(c) Would you expect that the control performance between Cao —► Ca 
would be better, the same, or worse than C A o —► Cb , assuming that the 
feedback controllers were tuned on the same basis? Base your answer 
solely on the relative dynamics for the two possible systems. Consider 
a step set point change. 
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24 . 17 . The process in Figure Q24.17 is a simplified head box for a paper-making 
process. The control objectives are to control the pressure at the bottom of 
the head box tightly and to control the slurry level within a range. 

(a) Derive a model for the effects of the two inlet flows on the controlled 
variables. 

(b) Design a control system by pairing the controlled and manipulated 
variables. Use the methods introduced in Chapters 20 and 21 as well 
as this chapter. Discuss the performance of your design and any special 
features that should be included in the implementation. 



24 . 18 . The process in Figure Q24.18 includes a fired heater, chemical reactor, and 
heat exchangers to recover energy by heat transfer to other processes in 
the plant. The goals are to have tight flow control (FI), tight control of the 
reactor outlet temperature (T2), and good control of temperatures T3 and 
T4 in the integrated processes. The sensors and manipulated variables are 
shown in the figure. Disturbances are set point changes to the process flow 
and changes in the heating requirements of the heat-integrated processes. 
(a) Without changing the instrumentation and process equipment, design a 

control system to achieve the objectives. Discuss whether all objectives 
can be achieved and if not, why. 

C b ) By making the minimum changes to the process equipment and instru¬ 
mentation, design a system that improves the result in (a). 

24 . 19 . The mixing process in Figure Q24.19 involves a tank to mix components 
A and B without chemical reaction. The effluent from the mixing tank is 
blended with a stream of component C, and the flow of this stream is wild; 
that is, it cannot be adjusted by this control strategy. Note that waste is to 
be minimized. 

(a) Using only the equipment shown in the figure, design a control system 
to tightly control the percentages of A, B, and C in the blended product. 
Can you achieve this and also control the total flow of blended product? 



Fired heater 
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Questions 


Component A Component B 



FIGURE Q24.19 


(b) Improve your result in (a) by adding an analyzer that can measure 
compositions in one stream. Decide the proper location and use it 
in the control system. Discuss why the analyzer would improve the 
performance. 

24 . 20 . A heat exchanger is shown in Figure Q24.20. The temperature measured 
by the sensor is to be controlled. Design four different control strategies to 
control this temperature and discuss the differences. Select the design that 
would give the best control performance, and discuss the reasons why. 
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Cold 

FIGURE Q24.20 



24.21. Apply the Niederlinski criterion to the flash control system presented in this 
chapter. Discuss your results and the interpretation of the control system 
design. 

24.22. Control of the flash process analyzed in this chapter involved partial control. 
All six components in both product streams would influence product quality 
and profit, but only one dominant variable, mole fraction ethane in the 
liquid, was controlled. 

(a) Discuss the final steady-state deviations of all compositions from their 
initial steady-state values for the control system developed in this chap¬ 
ter. Consider each of the disturbances in the control design form sep¬ 
arately. 

(b) An alternative dominant variable, the flash temperature (Tis) could 
have been selected rather than liquid mole fraction ethane. Discuss the 
advantages and disadvantages of T(, as a dominant variable (not reset 
by Ai). 

(c) Discuss process and control modifications needed to control the per¬ 
cent propane in the vapor product in addition to all controlled variables 
in the original control design. 

24.23. The dynamic responses of the heat transfer process in Figure Q24.23 are 
considered here. The medium in the coil and jackets is heating the fluid in 
the tanks. The tanks are well mixed, and all transportation delays are small 
compared with the time constants. 

(a) Describe the dynamic responses of each temperature to a step change 
in each valve. 





( b ) Discuss the likely control performances for each input-output pair for 
multi loop control. 

(c) Assume that one feedback PI controller, with pairing T2 -»• u 2 , is in 
operation and that a step change is made to t>i. Describe the dynamic 
response of both temperatures. 

(d) Discuss the likely control performance if the other control loop, T1 -> 
vi, is closed. 

24 . 24 . The series of well-mixed stirred-tank chemical reactors for a first-order 
chemical reaction with negligible heat of reaction is shown in Figure 
Q24.24. Each reactor has a mass in the tank, which has the same tempera¬ 
ture as the liquid and represents substantial energy accumulation. (This is 
a simplified representation of a packed bed, with the masses being the cat¬ 
alyst.) The concentration of the effluent from the last reactor is controlled 
by adjusting the heating medium valve. 

(a) Discuss the effect of the masses on the control performance in response 
to feed stream temperature variations. 

(b) Discuss the effect of the masses on the control performance in response 
to feed stream concentration variations. 

(c) Draw general conclusions about the effects of the masses on the dis¬ 
turbance responses in (a) and ( b ) and on set point changes. 



FIGURE Q24.24 
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24.25. A two-product distillation tower with a single feed is considered in this 
question. 

(a) Sketch two types of condensers (showing equipment and valves), de¬ 
scribe their physical principles, and be sure to explain how the duty is 
adjusted for process control. 

(b) Repeat ( a ) for reboilers. 

(c) Discuss why distillation towers typically have an overhead liquid ac¬ 
cumulator. 

id) Discuss why temperatures and pressures are measured on selected 
distillation trays. 

(e) Where would you place safety valves and for what maximum flow 
should they be sized? 

( f ) Identify possible constraints (i.e., items that define the frame of the 
operating window). 

(g) Identify potential disturbances. 

(h) The composition sensors often provide new measurements only every 
two minutes. Give a reason why this might occur. 

(/) Identify all inventories in the distillation process, determine which are 
non-self-regulatory, and describe potential control strategies for each. 
(/) Discuss options for product quality control and the interaction between 
inventory and product quality controls. 

24.26. The process in Figure Q24.26 involves the chemical reaction with the over¬ 
all stoichiometry of 3A + B -+ C taking place in a packed-bed reactor. 
The inlet temperature has a strong effect on the rate of reaction, and there 
is no limit to any reasonable value for the bed temperature. The unreacted 
A is separated in a flash drum and sent to fuel at considerable cost because 
it cannot be recycled. Also, high temperatures tend to degrade the catalyst. 
The liquid product has a target of 80% product C. Design a control system 
to achieve the objectives just described, specify sensors, and sketch the 
design on the drawing. 





24 . 27 . For the fired heater in Figure Q24.27 (i) no change is allowed for the final 
elements, (ii) sensors must be added, and (iii) the feed rate and product 
outlet temperature must be controlled. Briefly state a reasonable set of 
control objectives and design a control strategy. 

(a) Briefly give the algorithm and purpose for each controller. 

(I b ) Sketch the strategy on the diagram. 

(c) Give the failure positions for the final elements. 



24 . 28 . The series of two chemical reactors described in Example 1.2 is the initial 
process upon which this question is based. You may use all results from 
the modelling in Example 1.2 without proving; simply cite the source of 
the equations. 

(a) The solvent flow and composition at the inlet to the first reactor are 
to be controlled by two single-loop controllers. Add sensors and final 
elements as required and sketch the control system. 

(b) Given this strategy is functioning perfectly (maintaining Cao con¬ 
stant), determine the model between the solvent flow and the con¬ 
centration of the reactant in the second reactor, Ca 2 > and comment 
on the expected composition (Ca 2 ) control performance using this 
manipulated-controlled variable pairing. 

(c) Compare with the control performance in Example 13.8. 


Process Control 

Design: 
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25.1 a INTRODUCTION 

To this point, the control design problem has been defined, and the range of deci¬ 
sions has been presented. It becomes clear that tens to hundreds of decisions are 
made during the control design of an industrial process. One would expect, as is 
shown later in this chapter, that the sequence in which these decisions are made 
can influence the time required to complete the design and, perhaps, the quality of 
the control performance provided by the final design. Thus, the engineer is faced 
with the challenge of managing a large quantity of information and a large set of 
possible design decisions during the design procedure. 

There is no single, correct way to manage this procedure. Different skilled 
engineers perform tasks in different sequences to reach equally good solutions, 
and different problems can be solved more easily by different sequences. However, 
the procedure presented here provides a structured problem-solving approach that 
is tailored to the control design task. The procedure represents, to the ability of the 
author to document such a fuzzy entity, the approach used by many practitioners. 

There are several advantages to the novice engineer for using this procedure. 
Since the most difficult aspect of the design is often starting this ill-defined task, 
the first advantage is that a prescribed procedure provides a way to begin the de¬ 
sign task. Second, the procedure provides a step-by-step approach that ensures 
that many important issues are addressed. Third, the procedure decomposes the 
problem in a manner that determines whether control is possible before continuing 
to detailed decisions on control strategies. Finally, the procedure provides some 
guidance on managing the interactions among the numerous design decisions. 
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Interactions occur because some decisions made to satisfy specific control objec¬ 
tives affect the possible control performance with respect to other control objec¬ 
tives. Therefore, the engineer must try to make each decision with full recognition 
of its impact on the entire design and all control objectives. This thought process is 
demanding and not always possible, so the engineer often has to iterate by returning 
to initial decisions, changing some, and proceeding from these modified decisions 
to the completion of the design. The successful design engineer has the foresight 
to make (generally) good initial decisions, identify improper initial decisions early 
in the procedure, and minimize the iterations to the final design. 

25.2 0 DEFINING THE DESIGN PROBLEM 

We begin again with the definition of the problem provided in the control design 
form (CDF) because of the crucial importance of this step to the quality of the 
design. In this section, some guidance is given on how an engineer goes about filling 
in a blank CDF. The CDF provides a useful checklist of the information needed 
in designing control systems and gives an organized manner for documenting the 
information. 

Typically, people need some stimulation when defining problems; that is, they 
need some questions and issues to consider when beginning the design procedure. 
To stimulate the thought process, abbreviated tables of sample questions are pre¬ 
sented here for the various control objectives. The first three objectives—safety, 
environmental protection, and equipment protection—are combined in Table 25.1 
because they all address major deviations from normal operation, many of which 
could have common causes that influence all three objectives. Smooth operation, 
product quality, efficiency and optimization, and monitoring and diagnosis are ad¬ 
dressed in Tables 25.2 through 25.5, respectively. The issues raised in the tables 
should be considered for each design, and issues relevant to the plant should be 


TABLE 25.1 

Checklist for safety, equipment, and environment 

Limitations on operating conditions due to equipment, material, e.g., 

• Composition 

• Flow 

• pH 

• Pressure 

• Temperature 
Explosion 

• Fuel source 

• Oxidizing source 

• Energy source 

Release of hazardous material 
Failure of process equipment 
Failure of control equipment 
Human mistakes and their consequences 


TABLE 25.2 

Checklist for smooth operation 
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Unstable processes (do not reach steady state without control) 

• Levels 

• Chemical reactors 

Single controller that influences the production rate 
Processes that are very sensitive to disturbances 

• Gas pressures 

• Liquid pressure 

Process integration that either propagates or attenuates disturbance 
(especially recycle systems) 

Manipulated variables that are easily interpreted by operating personnel 
Disturbance sources 


Defining the Design 
Problem 


TABLE 25.3 

Checklist for product quality 


Target average value and variability 

• One or multiple specifications 

• Average value 

• Variability 

• ± deviation from target at which product is unacceptable 
Variability in a property that affects future use by customer 

• Standard deviation or other measure 

• Nonlinearity between measurement and quality in future use 
Disturbances that affect quality 

• Magnitude 

• Frequency 

Factors affecting control performance 

• Availability of on-stream measurement 

• Degrees of freedom 

• Controllability 

• Feedback dynamics 

• Modelling errors 


noted in the control design form, thereby developing a comprehensive statement 
of control objectives. 

An additional way to identify control issues is to pose the following question 
for every stream or important location (e.g., the volume of a reactor or flash drum) 
in the process. 
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TABLE 25.4 

Checklist tor efficiency and optimization 

External manipulated variables not used for control, potentially for optimization 
Changes in targets or inputs (disturbances) 

• Frequency 

• Need for optimization 

• Complexity of optimizing strategy 
Parallel units 

• Different product quality 

• Different yields 

• Energy consumption 
Recycle flows 

• Composition of recycle 
Separation units 

• Energy-yield tradeoff 
Chemical reactors 

• Conversion 

• Yield 

Operating condition 

• Internal optimum 

• Operation at a constraint 




TABLE 25.5 

Checklist for monitoring and diagnosis 

Performance that changes rapidly 

• Alarms 

• Emergency shutdowns 

• Constraint violations 

• Product quality 

• Inventories 

Performance that changes slowly 

• Heat transfer coefficient 

• Catalyst activity 

• Corrosion 

• Coking or fouling 

Performance requiring complex calculations 

• Fired heater efficiency 

• Turbine and compressor efficiency 
Utilization of control 

• Percent of time in automatic 

Temporal correlation of good or poor operation with external 
disturbances (feed type, equipment operation, and so forth) 




What is the effect on A if the B in this stream or location C? 

where A = each control objective (safety, environmental protection, 
equipment protection, smooth operation, product quality, 
efficiency, yield and profit, and monitoring and diagnosis) 

B — property word indicating key operating variables (e.g., flow, 
temperature, pressure, composition, inventory, and so forth) 

C = guide word indicating direction of changes in operation (e.g., 
increases, decreases) and rate of change (e.g., rapidly, 
slowly, periodically). 


The application of this question to the process will help the engineer identify 
the significant effects on the objectives. When a significant effect is identified, 
the engineer should determine the cause of the effect and how it can be retained 
(if the effect is beneficial) or prevented or compensated (if the effect degrades 
performance). This is a simplification of an approach that has been developed in 
much greater detail for hazards and operability (HAZOP) studies, which consider 
a broader range of issues influencing the safety of a process. Detailed descriptions 
of the procedures followed in HAZOP studies are available (AIChE, 1992). 

The methods described in this section are intended to generate information on 
all major headings in the CDF, not just objectives, although the tables of questions 
are organized by objectives. When considering the objectives in such detail, infor¬ 
mation on the constraints and disturbances should also be identified and recorded 
in their proper locations. It is important to recognize that the CDF cannot be com¬ 
pleted with only a cursory understanding of the process and quick review of a 
process sketch; a thorough understanding of the physics, chemistry, product qual¬ 
ity, and economics is required. 

At this preliminary design stage, the engineer should concentrate on deter¬ 
mining the needs of the plant and not attempt to define the solutions. The control 
objectives and other critical issues should be clearly and quantitatively stated even 
when no solution is initially apparent, and the definition procedure should not be 
delayed by lengthy analysis of a particular issue, since too much attention to detail 
during the initial “brainstorming” activity tends to slow the flow of ideas. Also, it is 
important that the engineer not be overly concerned about the initial location for an 
element of information in a CDF. It is expected that the CDF will be reviewed and 
rationalized before the design procedure continues to the decision-making step. 


25.3 El SEQUENCE OF DESIGN STEPS 

There is almost an infinite number of ways in which the numerous design deci¬ 
sions can be reached. There is no one best sequence for all control designs; in 
fact, various skilled practitioners use different sequences to arrive at equally good 
designs. However, there are certainly some sequences that are better than others, 
and some simple sequences can be used by novice engineers until they gain enough 
experience to modify the sequence to take advantage of their special insights. The 
sequence given in the flowchart in Figure 25.1 is recommended for control design 
and discussed further in this and the next sections. 
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Sequence of Design 
Steps 


Start 

_i_ 

(1) Form definition of design problem 


(2) Determine feasibility 


(3) Obtain overview of problem 


(4) Specify control structure 
and algorithms 

_ ][ _ 

(5) Determine optimization 

_I_ 

(6) Provide monitoring and diagnosis 

End 

FIGURE 25.1 

Overview of control design sequence. 
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Step 1: Definition 

The first step involves the collection of information appearing in the control design 
form and, for especially complex problems, the formal preparation of the form. At 
this step, the objectives are translated to specific variables, either directly measured 
or calculated using measurements, which are to be controlled. 


Step 2: Feasibility 

The second step determines the feasibility of the control objectives for the equip¬ 
ment design, operating conditions, and disturbances given in the problem defini¬ 
tion. An analysis of degrees of freedom and controllability determines whether 
it is possible to control the proposed controlled variables with the proposed ma¬ 
nipulated variables. Since controllability rigorously addresses only the base-case 
operating point, the operating window is determined to ensure that the process 
can be maintained within specified limits for the defined disturbance magnitudes. 
Thus, this step ensures that the system has sufficient capacity as well as degrees 
of freedom and controllability. As noted in Chapter 24, a dynamic analysis may 
have to be performed to evaluate the operating window fully. Also, the ability to 
measure or infer important variables is evaluated. If any of the results of these 
steps indicate that control is not possible, the design procedure must include an 
iteration in which an engineer alters the process so that the control objectives can 
be achieved. 

Step 3: Overview 

The third step establishes an integrated view of the plant operation, concentrating 
on the most important variables. The goal of this step is to obtain an overview 
of the feedback process dynamics, the disturbance dynamics, the interaction in 
the process, and the types of measurements and manipulated variables available 
for control. This overview is essential because the design engineer makes one 
decision at a time and needs this overview to be able to “look ahead” so that all 
decisions form a compatible design. Objectives that are easily achieved or likely 
to be difficult to achieve are noted. Also, potential changes to the instrumentation 
and process are identified for future use, if needed. However, no control designs 
are decided at this step. 

Step 4: Control Structure 

The fourth step involves specific decisions on control structure, algorithms, and 
tuning. Here, if single-loop control technology is used, the single-loop controlled 
and manipulated variables are paired, and the modes of the PID controllers are spec¬ 
ified. In addition, special requirements for the tuning are made in conjunction with 
the pairing. For example, level controllers are specified as tight or averaging. Also, 
tight and loose tuning of interacting loops is specified, to reduce the effects of un¬ 
favorable interaction while retaining the beneficial effects of favorable interaction, 
as required. The next sections of this chapter provide additional guidance on this 
step, discussing a hierarchy and decomposition for managing the design decisions. 



Step 5: Optimization 

The fifth step determines whether optimization opportunities are available after 
consistently high product quality has been achieved and, if so, whether additional 
manipulated variables, not used for control at previous steps, exist. It may be nec¬ 
essary to add sensors to provide information for optimization and to automate 
additional manipulated variables for optimization. If opportunities exist, an analy¬ 
sis is performed to determine the economic benefits which can be realized through 
optimization, as explained in Chapter 26. If significant benefits are available and 
can be realized through real-time control, the strategy is designed at this step. 

Step 6: Monitoring and Diagnosis 

The sixth and final step evaluates monitoring and diagnostics. At this step, the 
major analysis is the sensors required for this function. In addition, any calculations 
required for the monitoring are defined. 

The sequence of steps is selected to maximize information gathering and 
understanding at the early steps and to reduce the need for iterations. The first two 
steps identify the capabilities of the process and instrumentation and the control 
objectives. Inconsistencies between process capability and objectives are identified 
so that they can be resolved soon in the design procedure, because inconsistencies 
should be resolved before further design steps are performed. Next, the overview 
of the process in the third step enables the engineer to understand the process 
responses before attempting to design controllers. The design of the controllers, 
up to and including product quality, is performed in the fourth step to give the best 
performance for the more important variables. Special controls for safety should 
be designed at this stage in an integrated manner. In the fifth step, the remaining 
degrees of freedom, which are not used at the previous stages (perhaps because 
they have the poorest dynamic responses for control of key variables), are used for 
profit maximization. Finally, the monitoring and diagnosis is designed. 

25.4 Q TEMPORAL HIERARCHY OF CONTROL 
STRUCTURE 

In this section the activities in the fourth step in the sequence, addressing con¬ 
trol structure, are presented in greater detail. Proper design relies on an integrated 
analysis of the entire process or plant under consideration; however, the integrated 
design may involve too many variables and processes to be analyzed by currently 
available methods. Therefore, the engineer temporarily separates the design prob¬ 
lem into smaller segments, and if the interactions among the segments are small, 
each can be analyzed individually to develop provisional control designs. Two ap¬ 
proaches for selecting segments are discussed: temporal hierarchy in this section 
and process decomposition in the next section. It is important to recognize that 
these methods are used only when required by the large scope of the problem and 
that the methods employ approximations to simplify the analysis. It is essential 
that each decision contribute to the good performance when considering all factors 
in the integrated process. 
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A common approach for decomposing the design decisions is based on a 
temporal hierarchy, as originally suggested by Buckley (1964) and expanded here: 


In hierarchical decomposition, the control decisions are usually made in the follow¬ 
ing order. 

1. Flow and inventory 

2. Process environment 

3. Product quality (and safety) 

4 . Efficiency and profit 

5. Monitoring and diagnosis 


This hierarchy has the advantage of designing control loops in the order of the 
fastest to the slowest; the possible exception are the liquid and solid inventories, 
which may employ averaging controllers (see Chapter 18). In addition, the hierar¬ 
chy is commonly used because it is difficult to design controllers for product qual¬ 
ity without first defining how feed and product flows and process environments 
are controlled. Thus, the sequence makes sense from the viewpoint of control 
structure. 


Flow and Inventory 

Here, the flows and inventories considered are for the “process” materials, which 
are used to make the product. The flows of utility streams, such as fuel, cooling 
water, and steam, are not specified here, because they are manipulated to achieve 
other control objectives. The structures that control the process flows determine 
how the feed and production rates are specified and whether flow rates are nearly 
constant or are likely to vary significantly. Note that the inventories—liquid and 
solid levels and gas pressures—must be designed in conjunction with the flow 
controllers, to ensure that requirements for inventories and product deliveries are 
satisfied concurrently. 

The goal is to provide a design in which the overall material and component 
compositions are stable without further control. Naturally, this does not imply that 
satisfactory performance is achieved with only these controls, only that all material 
entering the process leaves the process at steady state, which is a reasonable basis 
for further analysis. One controller should influence the production rate; this is 
usually a flow controller at the beginning (feed) or end (product) of the plant, 
although other designs are possible. Then, the liquid levels and gas pressures are 
controlled in a manner to achieve a self-regulatory process. 

Particular attention should be paid to the compositions in recycle processes. 
Because of the economic value of materials, material that is not reacted or not of 
sufficient purity is typically recycled to an upstream position in the process. If no 
method is provided for impurities (e.g., inerts) to exit the system, they will accu- 




mulate in the process and ultimately lead to major upsets. One common technique 
to improve dynamic behavior is to provide a small purge to allow inerts to behave 
in a self-regulatory manner; this design is common in spite of the economic losses 
due to valuable materials also leaving in the purge. Control designs should ensure 
that feed components are self-regulating, so that they do not accumulate in the 
process. The reactor in Section 25.7 demonstrates the unique dynamic responses 
associated with compositions in a process with recycle. 
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Process Environment 

The second level addresses the process environment variables: pressure, temper¬ 
ature, feed ratios, catalyst addition, and so forth. These variables have a great 
influence on the product quality and are often manipulated, in a cascade structure, 
by the product quality controllers. Thus, this level provides tight control of the 
environment by compensating for many disturbances, and it can be adjusted by 
cascade feedback from higher levels. 


Product Quality (and Safety) 

The third level provides the essential product quality regulation. This is typically 
achieved by adjusting set points of controllers at the lower levels in a cascade 
structure, but it may adjust final elements directly. Control for safety should be 
addressed at this level of the decision hierarchy, because control strategies up to 
this level can influence the safe operation. As discussed in the previous chap¬ 
ter, the safety controllers will normally be implemented in a lower level of the 
implementation hierarchy. 


Efficiency and Profit 

The fourth level capitalizes on additional flexibility to improve profitability of the 
plant. These controllers perform their function slowly so that smooth operation and 
excellent product quality are not sacrificed. It is good practice for the optimizing 
controllers to influence the process through the lower levels in the implementation 
hierarchy; this ensures that higher-priority objectives such as safety and product 
quality are not compromised. 


Partial Control 

Partial control is not a separate level in the control hierarchy, but concepts related 
to partial control influence decisions in levels 2 to 4 of the hierarchy. Recall that 
partial control involves selecting of a subset of variables that can be measured and 
controlled, so that all key variables remain within an acceptable range as distur¬ 
bances occur. To achieve partial control, the engineer seeks dominant variables 
that strongly influence the process behavior, and when regulated, yield good pro¬ 
cess performance. Some examples of typical dominant variables are given in the 
following summary. 
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Unit operation 

Process 

environment sensors 
(T,P,F,L) 

Analyzers 

Typical product 
qualities 


Chemical reactor 

Temperature 

Pressure (gas phase) 
Liquid level 

Flow rate 

Reactant concentration 
Product concentration 

All concentrations in the 
product stream 

Product properties, e.g., 
octane or average 
molecular weight 


Distillation 

Heat exchange 

Tray temperature(s) 
Pressure 

Reflux ratio 

Boilup ratio 

Coolant flow rate 

Coolant temperature 

Level of boiling 
refrigerant 

Heavy or light key 

component 

concentration 

All concentrations in the 
product streams 

Product properties, e.g., 
vapor pressure 

Effluent temperature 


It is important to recognize that detailed knowledge of the specific process behavior 
is required to select proper dominant variables. 


For example, the coolant flow rate usually has an effect on the hot-side effluent 
temperature from a shell and tube heat exchanger. However, if the heat exchanger is 
“pinched,” i.e., the hot effluent temperature is essentially the same as the entering 
coolant temperature, an increase in the coolant flow will not have an effect on 
hot stream exit temperature. In this situation, the inlet coolant temperature could 
serve as a dominant variable. There is no alternative to good process knowledge! 
For further discussion of partial control and dominant variables, see Luyben et al. 
(1998) and Arbel et al. (1996,1997). 


Monitoring and Diagnosis 

The fifth level involves monitoring and diagnosis of process and control perfor¬ 
mance. This includes rapid monitoring and reporting to plant operating personnel, 
as well as longer-term monitoring for periodic analysis. Plant operations are influ¬ 
enced by decisions made at this level through actions of plant personnel, usually 
after detailed analysis of likely causes of unusual process performance. These de¬ 
cisions may not be implemented through the control strategies, because they may 
involve variables, such as feed purchases and reactor regeneration scheduling, that 
are outside of the purview of the continuous control system. 

This analysis hierarchy conforms to the way many control systems are imple¬ 
mented. A typical implementation hierarchy is shown in Figure 25.2. The lowest 
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FIGURE 25.2 

Schematic of the typical process control hierarchy. 


level of the continuous control involves the flow and inventory loops and provides 
the basis for higher levels in the hierarchy. Note that the interaction between levels 
in the hierarchy is primarily through cascade control principles; this approach has 
several advantages: 

1. It uses conventional technology. 

2. It satisfies the requirements for relative dynamics so that good disturbance 
response is achieved. 

3. It does not create conflicts in degrees of freedom (see Section 14.2). 

4 . The system is easily commissioned or decommissioned by changing controller 
cascade status between closed and open. 
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Although this hierarchical approach has many advantages and has been found 
easy to apply by many engineers, it does not remove one of the most challenging 
features of the design procedure: the need for iteration. When making decisions 
at each level, the engineer attempts to look ahead to the completed design and 
determine the effects of the current decisions on the control performance. However, 
looking ahead is not always simple, or even possible, in complex plants; thus, the 
engineer may find that the final design is not satisfactory. When such a situation 
is encountered, the engineer should investigate whether the performance could be 
improved by another design that starts with different decisions at the previously 
designed, lower levels in the hierarchy. 

EXAMPLE 25.1. 

Consider the flash process in Figure 25.3, which is similar to the process previously 
analyzed in Chapter 24. The case considered here involves two different initial 
flow and level control decisions, shown in Figure 25.3a and b. The first level of the 
hierarchy in Figure 25.3b has resulted in the control design in which the feed is 
on flow control, and the level is controlled by adjusting the heat transferred to the 
feed by adjusting the steam, which affects the amount of liquid vaporized. These 
initial decisions satisfy the relevant control objectives. However, given these flow 
and level decisions, the product quality controller has only one degree of freedom 
to adjust: the product flow rate. Therefore, the lower-level design decisions have 
dictated the higher-level control strategy. 

To understand how the quality controller in Figure 25.3b would function, con¬ 
sider the case in which the light key in the liquid product component is too high. 
In response to the disturbance, the product quality controller would decrease the 
product flow rate, which would cause the level to increase; the level controller 
would increase the steam flow rate, which would increase the percentage vapor¬ 
ized; and the light key in the liquid product would decrease. Therefore, this quality 
control design is feasible, but it has slow dynamics, because the level control 
process and controller appear in the product quality feedback path. In fact, this 




(b) 


Two different flash control designs discussed in Example 25.1. 















design is another example of pairing single-loop controllers with a relative gain of 
zero. This can be verified using the following steady-state model, which has been 
extracted from equation (24.5) for the flash process in Chapter 24: 


A, 

dL 

-li - 


[-0.11 

0.0 ] 

V 2 

[-0.136 

—0.179 J 

l>4 


(25.1) 


The relative gain for the A| -*■ v 4 pairing is zero, because the steady-state process 
gain between the product flow and the composition is zero, when all other loops are 
open. The relative gain for this system has ones on the diagonal and zeros on the 
off-diagonal elements. However, since the system is controllable for either pairing, 
a pairing on a zero relative gain would function, albeit with poor performance in 
this case. 

Thus, the initial flow/inventory control design decisions have resulted in rel¬ 
atively poor product quality control. During the iteration, the engineer would be 
looking for a faster-responding manipulated variable for product control, because 
the cause of the poor performance is slow feedback dynamics. Another goal would 
be to find a pairing with a nonzero relative gain. After the iteration, the control de¬ 
sign should be as shown in Figure 25.3a. 
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How does the engineer properly perform the “look-ahead” to satisfy the control 
objective under consideration while preventing, as much as possible, an undesirable 
effect on other control objectives? The effect of “keeping in mind” is to ensure 
that the initial control design, in addition to meeting its control objectives, 

1. Leaves unallocated some manipulated variables that can give good control 
performance for important controlled variables appearing at higher levels in 
the hierarchy. 

2. Attenuates disturbances and does not introduce unfavorable process control 
interactions. 

3. Provides good integrity, if possible, so that critical controllers can perform 
their tasks properly even if some other controllers are not functioning (e.g., 
are in manual) without retuning. 

This look-ahead requires an overview of all control objectives, which again rein¬ 
forces the importance of a good problem definition and process overview in steps 
1 to 3 of the sequence. Then the engineer must keep all of the key controlled 
variables in mind when designing the lower levels of the hierarchy. 


When performing the control design procedure, the engineer continually looks ahead 
to predict the effects of current decisions on later control objectives at higher levels 
in the hierarchy. 


25.5 □ PROCESS DECOMPOSITION 

Large plants may have hundreds or thousands of manipulated and controlled vari¬ 
ables. Although the entire plant must be considered in designing controls, it is 
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essentially impossible to analyze all aspects of the plant simultaneously while mak¬ 
ing each control decision. Therefore, the plant is often decomposed into several 
process units that have only weak interactions, if possible. The proper decomposi¬ 
tion is particularly easy for the series process design structure of chemical process 
plants, shown in Figure 25.4a. For this process structure the upstream units affect 
the downstream units, but the downstream units do not affect the upstream units. 
Since the interaction among the units is in only one direction, upstream units are 
simply sources of disturbances to the downstream units. Thus, the general goal 
is to reduce the disturbances that leave one unit and propagate to downstream 
units, with special care to isolate units that are highly sensitive to disturbances. 
The controls within each process unit can then be designed using the standard 
procedures. 

Process plants often have recycle streams, as shown in Figure 25.46. These 
plants do not strictly allow such a simple decomposition, because two-way interac¬ 
tion occurs between processes. As demonstrated in Chapters 20 and 21, two-way 
interaction can significantly affect dynamic behavior and control performance. 
Usually, the control system is designed to reduce the effects of recycle on the 
overall plant dynamics. This is often achieved by providing alternative sources of 
the material or energy provided by the recycle, so that short-term variation in the 
recycle can be compensated by the alternative source. (This is the same concept 
used in Figure 24.11a and 6 for energy recycle.) 

Two examples of material recycle are shown schematically in Figures 25.46 
and 25.5. In the first, an alternative source of material is provided to ensure a 
steady recycle flow; in this design, the alternative must be available immediately 
to provide the total process flow required. In the second example in Figure 25.5, 
the recycle system includes an inventory so that the level in the inventory can vary 
while the material supplied to the beginning of the process remains undisturbed. 
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FIGURE 25.4 

Typical structure of process plants: (a) series; 
(6) recycle without storage. 
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FIGURE 25.5 

Typical recycle process with storage. 
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Note that the level-flow pairing directs all recycled material to the storage tank, 
regardless of the current recycle flow returned to the process. Naturally, the storage 
tank must be large enough for the level to remain within acceptable limits during 
expected short-term transients, whereas the net flow in or out must compensate for 
longer-term accumulation. This concept is discussed by Buckley (1974), where he 
describes the principle that recycle level-flow systems should generally be paired 
in the manner shown in Figure 25.5. 

25.6 H INTEGRATING THE CONTROL DESIGN METHODS 

Several methods for organizing information and making design decisions have 
been presented in this and the previous chapter. In this section, the methods are 
combined into an integrated design thought process that demonstrates how the pre¬ 
viously discussed methods can be combined to reach an adequate design. Novice 
engineers will most likely follow this integrated approach closely for their initial 
designs. As they gain more experience and learn to use their process understanding, 
they will adapt the approach to suit the problem at hand. 

The integrated procedure is shown in Table 25.6, which combines the concepts 
of sequence, hierarchy, and design decisions. The procedure begins with a state¬ 
ment of the process design and plant requirements and ends with a complete control 
structure and algorithm specification. The major steps in the design sequence— 
(1) definition, (2) feasibility, (3) overview, (4) control structure, (5) optimization, 
and (6) monitoring and diagnosis—provide milestones for the procedure. Several 
quantitative design analyses are performed at each step in the design sequence, 













TABLE 25.6 

Integrated control design procedure 


START* Acquire information about the process 

(a) Process equipment and flow structure [Modify process and instrumentation]*. 

(b) Operating conditions ; 

(c) Product quality and economics ; 

(d) Preliminary location of sensors and final elements I 

1. DEFINITION: Complete the Control Design Form 

(a) Use checklists ; 

(b) Sample questions [Modify objectives]*. J 

(c) Prepare a preliminary set of controlled variables ; 

2. FEASIBILITY: Determine whether objectives are possible 

(a) Degrees of freedom [Iterate]- - 

(b) Select controlled variables and evaluate controllability ; 

(c) Operating window for key operating conditions ! 

3. OVERVIEW: Develop understanding of entire process to enable “look-ahead” in decisions 

(a) Key production rate variables (e) Key product qualities ; 

(b) Inventories for potential control (f) Key constraints 1 

(c) Open-loop unstable processes (g) Key disturbances j 

(d) Complex dynamics (long delays, inverse (h) Useful manner for decomposing the analysis ; 

response, recycle, strong interactions) (and control design), if necessary and appropriate I 

4. CONTROL STRUCTURE: Selection of controlled and manipulated variables, 
interconnections (pairings in decentralized control), and relevant tuning guidelines 

(a) Preliminary decisions on overall process flows and inventories ! 

(b) Process segment (Unit) 1 ; 

(c) Process segment (Unit) 2 ! 

Control hierarchy (temporal decomposition) for every unit [Iterate]- - 

1. Flow and inventory 3. Product quality ; 

2. Process environment 4. Safety [Modify control]* ..! 

(d) Integrate control designs as needed for good overall performance • 

5. OPTIMIZATION: Strategy for excess manipulated variables 

(a) Clear strategy for improved operation, or ! 

(b) Measure of profit using real-time data • 

(c) Sensors and final elements [Iterate]- - *■', 

(d) Minimize unfavorable interaction with product quality I 

6. MONITORING AND DIAGNOSIS 

(a) Real-time operations monitoring ! 

1 . Alarms 2. Graphic displays and trends [Iterate]- - 

(b) Process performance monitoring 

1 . Variability of key variables (histogram and 2. Calculated process performances (efficiencies, 
frequency range) recoveries, etc.) 

FINISH: Completed specification, meeting objectives in step 1 

(a) Process equipment and operating conditions (e) Safety controls and alarms 

(b) Control equipment, sensors, and final elements (f) Optimization 

(c) Control structure and algorithms (g) Monitoring calculations 

(d) Tuning guidelines as needed, e.g., level control 
and interacting loops 



and the first three levels of the temporal hierarchy are performed for each process 
segment at the fourth step. The engineer will encounter all major design decisions 
presented in Chapter 24 in a logical order by using the procedure in Table 25.6. 

Iterations are possible at several steps in the procedure. If the process does not 
have sufficient degrees of freedom, lacks independent input-output relationships 
to provide a controllable system, or lacks sufficient range, an iteration is required 
in step 2 to change the process. Also, if an analysis of the dynamics identifies poor 
control performance, an iteration in step 4 is appropriate. Further iterations may be 
needed to provide all sensors necessary for optimization and monitoring in steps 
5 and 6. During each iteration, the control objectives should also be reevaluated 
to be sure that the quantitative performance targets are proper and that the cost 
associated with achieving the demanding goals is justified. 

As previously discussed, the engineer makes every effort to reduce or eliminate 
iterations by making the sequential design decisions with due consideration for 
future decisions. Information in steps 1 through 3 enables the engineer to identify 
the likely key elements of the design (i.e., the controlled variables requiring tight 
control). This enables the engineer to “set aside” manipulated variables that may be 
used for the control of the key variables. The integrated control design procedure 
is demonstrated in the following example. 
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25.7 0 EXAMPLE DESIGN: CHEMICAL REACTOR 
WITH RECYCLE 

The integrated control design procedure will be applied to a simple chemical 
process in this section. The process, shown in Figure 25.6, involves feed of a raw 
material from storage to a chemical reactor. The reaction is A —► B with first-order 
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rate expression —r A = koe~ E/RT CA and negligible heat of reaction. The products 
of the reactor are heated and sent to a flash drum, from which the product is taken 
as a vapor flow which is predominantly component B, but contains some A. A 
liquid stream consisting of unreacted feed, along with some product B, is recycled 
to mix with the fresh feed and flows to the reactor. The base-case (initial) operating 
variables are given in Table 25.7. 

Definition Step 

The control design will be developed through the procedure shown in Table 25.6. 
The first step in the sequence involves a complete definition of the problem, which 
is summarized in the control design form in Table 25.8. (The reader should review 
the table before proceeding.) This serves as the basis for all further design decisions. 

Feasibility Step 

The second step determines whether the control objectives are possible with the 
equipment available. This step involves the analysis of degrees of freedom and 
controllability. We assume that an analytical model of the process is not avail¬ 
able; thus, the design is based on qualitative analysis from the process structure 
and on linear models identified empirically. There are eight manipulated external 
variables, so at most eight dependent variables can be controlled. A preliminary 
selection of controlled variables is made based on the CDF: (a) feed or production 
rate (1); ( b ) liquid and vapor inventories (3); and (c) product quality (1). Thus, at 
least five controlled variables exist. The number of external manipulated variables 
is greater than this minimum value. Therefore, it is concluded that the degrees of 
freedom do not preclude a possible design, and the design procedure can continue. 


TABLE 25.7 


Operating conditions for reactor with recycle 


Variable 

Symbol 

Initial value 

* Final value 
for Design 1 in 
Figure 24.9 

* Final value 
for Design II in 
Fiqure 24.10 

Fresh feed 

FI 

5 

5 

5.0 

Reactor inlet flow 

F2 

20 

34 

20 

Reactor outlet flow 

F3 

20 

34 

20 

Vapor product 

F5 

5 

5 

5 

Recycle flow 

F6 

15 

29 

15 

Reactor level 

LI, % 

50 

50 

50 

Flash level 

L2, % 

50 

50 

50 

Fresh feed temperature 

T3, °C 

99 

105 

106.8 

Reactor feed temperature 

T4, °C 

92 

92 

93.9 

Reactor temperature 

T5, °C 

92 

92 

93.9 

Flash temperature 

T7, °C 

90 

90 

90 

Reactor concentration of A 

A1, mole% 

69.4 

77.1 

69.4 

Vapor product concentration of A 

A2, mole % 

10 

10 

10 


* After response to disturbance (1) in Table 25.8. 





To extend the analysis further, the controllability of the system is evaluated. 
Controllability requires that linearly independent relationships must exist between 
the selected manipulated and controlled variables, or, in other words, the gain 
matrix must have a nonzero determinant. To perform this analysis, the model 
equations have to be linearized, and the matrix of gains evaluated at the base-case 
operation. Since inventory control is quite important, the level and pressure control 
loop pairings are decided first. The reactor level can be controlled with either u 5 or 
i>6, the flash drum level with i> 4 , and the flash drum pressure with u 8 . The steady- 
state gains with these inventories under closed-loop control were determined by 
making small changes to the manipulated variable and determining the steady-state 
change in the potential controlled variables. The gain matrix for this example is 


rFn 


- 0.020 0.0622 0.0106- 

f 2 


0.45 -0.38 -0.127 

h 


-0.13 2.14 -0.13 

T 5 


-0.02 0.44 1.105 

Ai 


0.0035 -0.0063 -0.0018 

-M- 


_ 0.00025 -0.0008 0.0006. 


Note that the matrix is not square, so that control of all the potential controlled 
variables in equation (25.2) is not possible. 

By the completion of the design procedure, there will be a strategy for every 
valve, and the system will be square, but at this point the goal is to determine 
whether the selected variables can be controlled. One way to answer this question 
is to select subsets of the controlled and manipulated variables until either (1) a 
subset results in a nonsingular gain matrix, in which case the system is controllable, 
or (2) all possibilities have been exhausted without finding a nonsingular system, 
in which case the system is not controllable. A more direct approach is to find the 
rank of the matrix, which gives the smallest square subset that is nonsingular. As 
subsets of the variables are selected, the controllability will be verified. 


Overview Step 

The third step of the control design sequence, which yields an overview of the 
process and control objectives, is now performed. The purpose of this step is 
to gather observations about the entire system that can be used when making 
sequential design decisions. The observations at this step are presented below by 
hierarchy level. 


LEVEL 1: FLOW AND INVENTORY. 

1. The feed tank has periodic deliveries of material and continuous outflow to 
the process. Therefore, it is not possible or necessary to control the level. The 
tank must be large enough so that it neither overflows nor goes empty for 
expected delivery and outflow policies. 

2. The feed to the reactor is a combination of fresh feed and recycle. The flow 
and inventory design must consider this factor, to prevent oscillations caused 
by interactions. Also, there seem to be several possible ways to control the 
flow to the reactor, because there are valves in the fresh feed, recycle flow, 
and combined flow. 
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TABLE 25.8 


Preliminary Control Design Form for the chemical reactor and separator process 
in Figure 25.6 

TITLE: Chemical reactor ORGANIZATION: McMaster Chemical Engineering 

PROCESS UNIT: Hamilton chemical plant DESIGNER: I. M. Learning 
DRAWING: Figure 25.6 ORIGINAL DATE: January 1,1994 

REVISION No. 1 

_ Control objectives _ 

1 . Safety of personnel 

(a) The maximum pressure in the flash drum must not be exceeded under any circumstances. 

(b) No material should overflow the reactor vessel. 

2. Environmental protection 

(a) None 

3. Equipment protection 

(a) None 

4. Smooth, easy operation 

(a) The production rate, F5, need not be controlled exactly constant; its instantaneous 
value may deviate by 1 unit from its desired value for periods of up to 20 minutes. 

Its hourly average should be close to its desired value, and the daily 

feed rate should be set to satisfy a daily total production target. 

( b ) The interaction of fresh and recycle feed should be minimized. 

5. Product quality 

(a) The vapor product should be controlled at 10 mole% A, with deviations 
of ±0.7% allowed for periods of up to 10 minutes. 

6 . Efficiency and optimization 

(a) The required equipment capacities should not be excessive. 

7. Monitoring and diagnosis 

(a) Sensors and displays needed to monitor the normal and upset conditions 
of the unit must be provided to the plant operator. 

(b) Sensors and calculated variables required to monitor the product quality and 
thermal efficiency of the unit should be provided for longer-term monitoring. 


Measurements 


Sensor 



Variable 

principle 

Range 

Special information 

FI 

Orifice 

0-10 


F2 

Orifice 

0-40 


F3 

Orifice 

0-40 


F4 

Orifice 

0-40 


F5 

Orifice 

0-10 


F6 

Orifice 

0-40 


LI 

A pressure 


Reactor residence time is 5 minutes 

L2 

A pressure 


Drum liquid hold-up time is 5 minutes 

PI 

Piezoelectric 



T1 

Thermocouple 

0-100°C 


T2 

Thermocouple 

100-200°C 


T3 

Thermocouple 

50-150°C 


T4 

Thermocouple 

50-150°C 


1 SSSSSI 

Thermocouple 


.. .... , 





TABLE 25.8 
Continued 


Measurements 


Variable 

Sensor 

principle 

Range 

Special information 

T6 

Thermocouple 

50-200°C 


T7 

Thermocouple 

50-150°C 


T8 

Thermocouple 

250-350°C 


A1 

Continuous 

0-100 mole% 

mole% A in reactor 

A2 

Continuous 

0-15 mole% 

mole% A in product 

Manipulated variables 

I.D. 

Capacity (at design pressures) 

I.D. Capacity (at design pressures) 


(% open, maximum flow) 


(% open, maximum flow) 

vl 

50.6%, 10 

v5 

70.0%, 29 

v2 

9.6%, 100 

v6 

18.1%, 110 

v3 

50.0%, 40 

v7 

60.3%, 67 

v4 

26.9%, 58 

v8 

50.0%, 10 


Constraints 


Variable 

Limit values 

Measured/ 

inferred 

Hard/ 

soft 

Penalty for violation 

Drum pressure 

High 

Measured 

Hard 

Personnel injury 

Reactor level 

Low 

Measured 

Hard 

Pump damage 


High 

Measured 

Hard 

Overflow hazard 

Light key A in product 

High 

Measured 

Soft 

Reduced selectivity in 
downstream reactor 


Disturbances 


Source 

Magnitude 

Period 

Measured? 

1. Impurity in feed (influences the 

10 % rate 

Day 

No 

reaction rate, basically affecting the 

reduction 



frequency factor k 0 ) 




2. Hot oil temperature 

±20° C 

200 ± min 

Yes(T2) 

3. Hot oil temperature 

±20° C 

200 + min 

Yes(T8) 

4. Feed rate 

±1, step 

Shift-day 

Yes (FI) 


Dynamic responses 

(Input = all manipulated variables and disturbances) 
(Output = all controlled and constraint variables) 


Input Output Gain Dynamic model 

[see equation (25.2) for some steady-state gains] 

Additional considerations 


None 
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3. There is no option for the disposition of the reactor effluent; it must proceed 
directly to the flash drum. 

4 . The vapor product comes from a small drum inventory, and flow rate fluctua¬ 
tions can be expected. Since the control objectives allow for variability in the 
product rate, this is not likely to be a concern. 

5. Two liquid levels are non-self-regulatory and should be controlled via feed¬ 
back to prevent them from exceeding their limits. Also, one vapor space pres¬ 
sure, while theoretically self-regulating, can quickly exceed the acceptable 
pressure of the equipment; therefore, the pressure should also be 
controlled. 


LEVEL 2: PROCESS ENVIRONMENT. 

6. The liquid phase chemical reactor operation is influenced by several dominant 
variables, temperature, volume, flow rate, and compositions. Based on the 
concept of partial control, we will likely select one (or more) of these to control 
the reactor. Recall that the best dominant variable will maintain all other key 
variables close to the best possible operation, as measured by product quality 
and profit. 

Since the plant has a recycle, we should be sure that the total material and 
all component compositions are self-regulating. Three categories of compo¬ 
nents are considered. 

• Volatile inerts will exit the plant in the product stream. If present, heavy 
inerts have no stream by which to exit the process and would accumulate 
without bound in the liquid phase. Since no inerts are considered in this 
problem, we will not design a liquid purge; however, at least a periodic 
liquid purge controlled manually by plant personnel should be provided 
for a plant of this design. 

• Products will leave the plant in the vapor stream from the flash separator 
and will not accumulate. 

• Reactant A is not completely converted in the reactor, and the uncon¬ 
verted A will remain in the liquid phase of the flash separator and return 
to the reactor via the recycle. (Note that only a fixed percentage of re¬ 
actant is allowed to exit with the product.) Therefore, the reactant will 
have a tendency to accumulate in the plant. Clearly, one important con¬ 
trol objective is to provide self-regulation for the composition of reac¬ 
tant A. 

Further discussion of the potential for component accumulation and designs 
to provide self-regulation are available in Downs (1992), and Luyben et al. 
(1998). 

LEVEL 3: PRODUCT QUALITY. 

7. There appear to be several manipulated variables that affect the flash product 
quality, Aj. 



LEVEL 4: PROFIT. 
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8 . There are no objectives specified to increase profit beyond controlling product 
flow rate and quality. However, there appear to be extra manipulated variables, 
or at least extra valves in the process. This inconsistency must be resolved. 

We should note that the plant could have been designed without recycle, 
but the high conversion of A would have required a very large (and expen¬ 
sive) reactor. Another typical reason for recycle in reaction systems is the 
suppression of side reactions; for the reaction A -*■ B -*■ C, a low concen¬ 
tration of B in the reactor ensures a small production of unwanted byproduct 
C. A low “single-pass” conversion leads to a large recycle to achieve a high 
“overall or total” conversion. However, recycles involve costs as well. Ad¬ 
ditional equipment is required to process the material and extra heating and 
cooling is typically required for the recycled material. Therefore, a balance 
is required in the design and operation of recycle systems. The control de¬ 
sign should maintain “moderate” changes in recycle flow rates in response to 
disturbances, because very large changes would require expensive equipment 
with very large maximum capacities. 

Control Structure Step 

Since no severe difficulties were identified in the third step, we proceed to the fourth 
step, where we begin to design the control structure. Since we anticipate strong 
interaction among variables because of the process recycle, process decomposition 
is not applied. However, the control is designed according to the five-level temporal 
hierarchy. The overall structure is first selected; then, enhancements are added; 
finally, algorithms and modes are chosen. 

LEVEL Is FLOW AND INVENTORY. The first decision is usually the flow 
controller, which determines the throughput in the process. Usually, this controls 
either the feed rate or the production rate. The control objectives state that the pro¬ 
duction rate does not have to be maintained invariant, which is fortunate, because 
controlling the vapor flow from a flash drum would be difficult without allowing 
the pressure to vary excessively. For this process and objectives, the feed rate F\ 
will be controlled. Any of three valves, i>i, 1 ) 3 , or u 4 , could be adjusted to control 
F\. From the overview, it is realized that i > 4 may be adjusted to control the liquid 
level control in the flash drum, so this is eliminated from consideration as a manip¬ 
ulated variable for controlling F \. Either of the remaining valves may be adjusted 
to control F^. Somewhat arbitrarily, we select i>i as the manipulated variable; this 
selection has the minor advantage that the fresh feed can be reduced to zero and 
the system operated on total recycle for a short time. The remaining valve, V 3 , is 
not needed and could be removed; in the example, we will simply maintain the 
valve position constant at its base-case value. 

The reactor level must be controlled, because it is non-self-regulating, and 
the residence time affects the chemical reaction. The outlet flow is manipulated 
to control the level, because the inlet flow has already been selected as the feed 
flow controller. The outlet flow is affected by both valves V 5 and v^; thus, there are 
one controlled and two manipulated variables. We select valve v$, to maintain the 
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highest pressure in the heat exchanger, which tends to prevent vaporization. The 
redundant valve, U 5 , will not be adjusted. 

The liquid level in the flash must also be controlled within limits, and no 
objective compels tight or averaging control. Tight level control is selected, because 
the level control is part of the recycle process, and the entire process would not 
attain steady-state operation until the level attains steady state. The valve V 4 was 
allocated to control the level when the feed flow was designed. 

The final issue at this level of the hierarchy is the pressure control of the flash 
drum. The vapor valve vg is selected to give fast control of pressure. 

In summary, the following allocation of controlled and manipulated variables 
has been made at this point. 


Controlled 

Manipulated 

F\ 

V\ 

L x 

V6 

l 2 

V4 

Pi 

vs 

1 


LEVEL 2: PROCESS ENVIRONMENT. Here, we will select a dominant 
variable for control of the chemical reactor. In general, the temperature, flow, 
level, and composition(s) are dominant for a liquid-phase reactor. In this process, 
the feed flow, Fi, is the sum of the fresh feed flow and recycle flow, and these 
flows have been determined by level 1 controllers; therefore, they are not available 
for reactor dominant controlled variables. Also, we somewhat arbitrarily decide to 
maintain the chemical reactor volume constant. Therefore, the dominant reactor 
variable will be either the temperature or the concentration, and either of these 
variables can be controlled by adjusting the preheating valve, v 2 . We will evaluate 
two control designs using different reactor dominant variables and select the best 
design based on closed-loop dynamic performance. 

LEVEL 3: PRODUCT QUALITY. The flash composition is to be controlled, 
because it is the key measure of product quality; it is controlled directly, without 
a temperature cascade, because the composition sensor is continuous with fast 
dynamics. The proper choice for the manipulated variable would be the heating oil 
valve U 7 , because it gives fast feedback dynamics over a large range of operation. 

In summary, the following allocation of controlled and manipulated variables 
has been made at levels 2 and 3. 


Controlled Manipulated 


Reactor 

A 2 


V 2 

Vl 
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A reactor variable to be controlled has not yet been selected and could be tem¬ 
perature or concentration. Two alternative designs will be evaluated: temperature 
control and reactor concentration control. 

Optimization Step 

There are no optimization objectives in the control design form. The control design 
to this point has allocated all manipulated variables, except for V 3 and Vf,, which 
were found to be redundant for the previous control objectives. These valves pro¬ 
vide no additional process flexibility, except that of controlling some intermediate 
pressures in liquid flow lines. There seems to be no reason to control these pres¬ 
sures, and ordinarily, these valves would be eliminated to save equipment and 
pumping costs. In this case, the valves will simply be retained at their base-case 
percent opening. 

To complete this step, enhancements to the basic structure of controller pair¬ 
ings are considered. For this simple process, the enhancements will be restricted to 
cascade and feedforward, and each controlled variable is discussed individually. 

F [: The flow process is very fast, and the control design needs no enhance¬ 
ment. A PI controller is appropriate for this process, with nearly no dead time and 
significant high-frequency noise. 

L \: The process has little or no dead time, and the pump pressure is relatively 
constant. Thus, no cascade or feedforward is required, although a level-flow cas¬ 
cade may be used. The algorithm selected is a PI with tight tuning, because the 
level influences the residence time, and zero steady-state offset is desired. 

L 2 : The process has little or no dead time, and the pump pressure is rela¬ 
tively constant. Thus, no cascade or feedforward is required, although a level-flow 
cascade may be used. The algorithm is a PI with tight level tuning. 

Pi: The process is fast, and the pressure should be maintained at its set point, 
because it affects safety and the flash product composition. Therefore, a PI con¬ 
troller is selected. 

Ay'. The concentration of A in the product stream is the key product quality 
and is affected by the disturbance in T%. Note that a cascade is not possible, because 
there is no causal relationship between the valve vy and the measured variable Tg. 
A feedforward controller is possible, because the criteria for feedforward would 
be satisfied. However, as a preliminary decision, no enhancement will be selected, 
because of the relatively fast feedback dynamics. This decision will be evaluated 
at the completion of this study. The feedback controller should have a PI or PID 
algorithm, depending on the dynamics, fraction dead time, and measurement noise. 
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Finally, the reactor environment control options are evaluated to determine 
the best control design. Each is discussed briefly as follows. 

1. Design I, shown in Figure 25.7, controls T 5 . The reactor temperature is affected 
by several disturbances. These disturbances influence other measured vari¬ 
ables before the reactor temperature measurement responds; thus, the potential 
for enhancements exists. For example, the measured fresh feed temperature 
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Control Design I. 


T\ could be a feedforward variable, and the feed temperature T$ could be a 
secondary cascade variable. As a preliminary decision, the single-loop design 
Ts -*• i >2 is chosen with a PI algorithm. The resulting control of F\,Ts, and 
Ai is controllable, as can be verified using the gains in equation (25.2). 

2. Design II, shown in Figure 25.8, controls the reactor composition A \. A more 
direct measure of the reactor operation is the concentration of A, which can 
be controlled by adjusting valve i> 2 , although with slow dynamics. Therefore, 
the cascade design A\ —► T* -»• i >2 is selected, which gives good responses 
to temperature disturbances. The resulting control of F\, A\, and A 2 is con¬ 
trollable, as can be verified using the gains in equation (25.2). 

Since no objectives have been stated for optimization, no further design decisions 
are needed at the fifth step in the sequence. Also, all manipulated variables have 
been allocated to control loops, except for V 3 and i> 6 , which will be held constant. 
Thus, no further degrees of freedom remain for adjustment. 

Some control strategies would be required to ensure safe operation. The en¬ 
closed flash drum requires a reliable method for venting on high pressure, and a 
safety valve must be provided. Also, the objective of preventing an overflow from 
the reactor could require a safety interlock system (SIS) to stop the feed flow if 
a high level is detected. If this feature is included, an alternative disposal for the 
liquid from the flash drum must be provided. The safety controls are not shown in 
Figures 25.7 and 25.8. 

Monitoring and Diagnosis 

All processes should be monitored for short-term operation and longer-term per¬ 
formance diagnostics. Shorter-term issues involve alarms for critical variables such 
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as the liquid levels and the flash drum pressure. Some of the longer-term issues 
involve the reaction rate, which is influenced by impurities in the feed; recognition 
of poor feed characteristics would enable the engineer to trace the cause of the 
poor feed and take actions to prevent recurrence of such conditions. To monitor 
the product rate, the flow measurement F 5 should be accurate. If the density of 
the stream changes significantly, the conversion of sensor signal to the flow rate 
should be corrected based on a real-time sensor or on laboratory data of density. 
Another monitoring goal would involve the performance of the heat exchangers, 
which might foul over time. The measurements of the flows, temperatures, and 
valve positions enable some monitoring; for example, if the hot oil valve position 
increases over time at relatively constant production rate, the heat exchanger is 
most likely fouling. The lack of hot oil flow measurements prevents a complete 
check on the data; thus, the addition of flow and temperature sensors might be 
appropriate so that heat transfer coefficients can be calculated. 


Evaluating the Designs 

Designs I and II are now complete. To evaluate their performances and select a final 
design, the dynamic performance of the process with each design was determined. 
In both cases, the process begins at the same initial steady state and is subjected 
to a change in feed impurity, which inhibits the reaction by reducing the reaction 
rate (frequency factor) to 90% of its base-case value. 

DESIGN I. The response of Design I is shown in Figure 25.9. The product 
composition (A 2 ) and the product flow rate (F 5 ) experience only small deviations 
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FIGURE 25.9 


Transient response to feed impurity disturbance for Design I. 


and return quickly to their set points. In spite of the good behavior of these key 
variables, other variables experience large variations; notice that the recycle flow 
rate changes dramatically. For this case, the reaction rate disturbance of only 10% 
requires recycle flow changes of about 75% to achieve a new steady state. 

The reason for this large change can be understood by analyzing the dynamic 
behavior of the total amount of reactant in this recycle system. The amount of reac- 












tant A entering the plant is constant because the fresh feed flow is unchanged; also 
the percent of reactant in the product leaving the plant is controlled. To achieve a 
new steady-state (i.e., for the system to be self-regulating), the rate of reaction of A 
must return to its original valve. The rate of reaction of A is —r A = Vkoe~ E/RT C A 
for this continuous-flow stirred-tank reactor. Since the reactor temperature and 
volume are maintained at their constant set points (in the steady state), the concen¬ 
tration of the reactant must increase to compensate for the decrease in ko caused 
by the impurity. As the recycle flow (basically, unreacted A) increases, the single¬ 
pass conversion decreases because of the lower space time in the reactor (Fogler, 
1997). As the single-pass conversion decreases, the concentration of A, C A in the 
reactor increases, and the rate of reaction increases. Ultimately, a new steady-state 
operation is attained; thus, the amount of reactant in the plant is self-regulating. 

Because of the low “single-pass” conversion in the reactor, a large recycle flow 
rate change accompanies the change in concentration. While this behavior does 
not negatively influence the product quality or rate, it will require a more expensive 
plant design. For successful operation, the process equipment, heat exchangers, 
pumps, pipes, and valves would have to have very large capacities, and the plant 
design would be costly. The general potential for recycle systems to be highly 
sensitive to small disturbances has been termed the “snowball” effect by Luyben 
et al. (1998), who point out that this is fundamentally a steady-state effect. 

DESIGN II. The response of Design II is shown in Figure 25.10. Again, the 
product composition (A2) and the product flow rate (F5) experience only small 
deviations and return quickly to their set points. As discussed above for Design 
I, the accumulation of reactant A must reach zero for the plant to achieve a new 
steady state. Also, the flows of A in and out are identical for both the original 
and final steady states. Therefore, the reaction rates for the original and final 
operations must be the same. In Design II, the analyzer controller A \ senses a 
change in concentration and adjusts the feed preheat (effectively changing the 
reactor temperature) to control the concentration. 

After a transient, the process returns to nearly the same flow rates, with the 
reactor concentration and volume at their initial values. To return the concentration 
to its set point, the A \ controller increased the reactor temperature, thus maintaining 
the production rate of B constant. This response returns to steady state faster, 
satisfies all performance objectives for F 5 and A2, and does not require excessive 
equipment capacity. Based on this analysis, Design II provides better performance 
for the feed impurity disturbance. 

Control Design II should be evaluated for all disturbances in the CDF; these 
others are discussed briefly here but not plotted. Because of the T 4 temperature 
controller, it performs well for the +20°C disturbance in T 2 , with only very small 
deviations in the compositions and product flow. The system experiences a rather 
large, but brief, disturbance when T% increases in a step of 20°C. The maximum 
allowable short-term variations in the product flow F$ and the product composi¬ 
tion A 2 are reached or slightly exceeded. If plant experience indicated that this 
disturbance occurred frequently, a feedforward compensation for changes in Tg, 
adjusting v 7 could be added to Design II. Finally, the response of a change in desired 
production rate, F5, is rather sluggish, because the feed flow rate is manipulated 
manually, and the product increases slowly as the recycle system responds, finally 
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FIGURE 25.10 

Transient response to feed impurity disturbance for Design II. 


attaining steady state. This is a direct result of the problem definition, because 
short-term variation in the product rate was stated to have negligible influence on 
the process performance in the CDF. 

The IAE for the product quality variable (A 2 ) is 7.11 for Design I and 6.62 
for Design II for the feed impurity disturbance. 






Since Design II has good performance for the key quality variable, has well-behaved 
dynamics for all variables, satisfies the control objectives, and requires equipment 
with smaller capacities, it is selected as the better control design for this process. 


In performing this analysis, process decomposition was not employed, because 
of the strong integration, but temporal decomposition was helpful. The conclusion 
from this section is that the control design procedure was useful in ensuring that 
all important issues were considered, decisions were made in a reasonable order, 
and a good control design was completed. Other paths could have led to the same 
design, but proper shortcuts involve a very quick analysis of the factors covered 
in this procedure; shortcuts do not involve ignoring potentially important factors. 
Therefore, using the design procedure builds discipline and competence, enabling 
the engineer to reach proper decisions in a less time-consuming manner. 


25.8 m SUMMARY OF KEY DESIGN GUIDELINES 

Many useful guidelines have been developed in the preceding chapters for mak¬ 
ing control design decisions based on fundamental principles. Some of the more 
important and straightforward are summarized in this section. Before proceeding 
to the summary, the concept of control performance is reiterated. Here, control 
performance is defined with respect to the realistic situation of a nonlinear process 
with changing operating conditions; thus, a nominal linear model of the process 
used in analysis and tuning cannot be exact, and robustness under likely model 
uncertainty must be considered. The behavior of all process variables must be con¬ 
sidered; this includes the controlled and manipulated variables and may include 
other “associated” variables, which may become limiting when they deviate too 
far from normal operation. Also, the possibility of noisy measurements must be 
considered in estimating performance. Finally, the performance must satisfy the 
requirements of the plant; thus, certain variables may have overriding influence on 
safety, product quality, and profit. Therefore, a simple summation of the IAE for 
all controlled variables often does not represent the process performance. Some 
controlled variables may be maintained close to their set points, at the expense 
of others experiencing large transient deviations from their set points. This rich 
definition of control performance increases the difficulty of the design task, but it 
represents the realistic situation in most commercial enterprises. All information 
required to define control performance over specific operating scenarios is reported 
in the control design form. 

The design procedure in Table 25.6 would generally encounter the decisions 
in the following order. 

1. Degrees of freedom. A model of the system must have zero degrees of freedom 
when all external inputs are specified; this is simply requiring the model to 
be correctly formulated. The number of external manipulated variables (i.e., 
final elements) must be greater than or equal to the number of variables to 
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be controlled. Recall that the degrees of freedom must be evaluated using the 
dynamic model of the process. 

2. Controlled variables. The engineer next decides which variables are to be 
measured and controlled in real time. In general, the best designs will use 
sensors to provide measurements of the variables whose behavior is closely 
related to the control objectives. This goal is usually possible for flows, pres¬ 
sures, temperatures, and levels. In addition, onstream analyzers can provide 
measurements of a limited number and type of compositions and physical 
properties. In many instances, a large number of components exist in prod¬ 
uct streams and many properties are important for product quality and profit. 
Even if all of these could be measured, which is not usual, a sufficient number 
of manipulated variables does not exist. Therefore, the principles of partial 
control are often employed. An inferential variable can be used as a surrogate 
for unmeasured properties, and a subset of important measured or inferred 
variables is selected to be controlled. For successful partial control, the dom¬ 
inant variable(s) selected should result in all key variables remaining within 
acceptable limits as disturbances occur. 

3. Operating window. This is the range of values of process variables for which 
the steady-state plant operation is acceptable (i.e., physically possible and 
within safety and product quality limits); it is also referred to as the feasible 
operating region. The window and operating points are typically evaluated 
using a nonlinear, steady-state model of the process. One or several operating 
points may be selected within the window to give good plant performance. If a 
process output variable appears at or near a constraint (frame) of the window, 
it should be controlled to prevent violations of the limit. If a manipulated 
variable appears at a constraint (frame), it should be maintained near the 
limiting value, if possible. Normally, the plant conditions have to be moved 
“inside” the window, or off the frame, to ensure that no violations occur during 
operation with disturbances. When important variables change from internal 
to on a constraint as conditions change, the engineer should anticipate the 
need for variable-structure control methods. 

4. Interaction and integrity. The relative gain provides one measure of process 
interaction. It has limitations since it only represents steady-state behavior and 
does not indicate strong one-way interaction, but when interpreted properly, 
it gives useful information. Specifically, pairing control loops which involve 
negative relative gains result in poor integrity, i.e., systems whose stability 
depends on the manual/automatic status of the loops; thus, designs with such 
pairings are selected only rarely. Also, pairing on loops with zero relative gains 
results in systems whose proper functioning depends on the status of many 
loops, also representing poor integrity. Pairing on zero relative gains is to be 
avoided, but it may be done if it provides a substantial improvement in control 
performance. Finally, control designs with loop pairings on relative gains 
near 1.0 suggest that the PI multiloop tuning should not change significantly 
between single-loop and multiloop. 

5. Interaction and performance. The performance of multiloop control systems 
depends on the type, or direction, of the disturbance. The relative disturbance 
gain, RDG, was introduced as an approximate indication of whether the inter- 



action is favorable or unfavorable. Designs with the product of the disturbance 
gain ( K d ) and relative disturbance gain (RDG) of small magnitude for im¬ 
portant controlled variables are generally favored, although evaluation of the 
dynamics is warranted before final selection. 

6. Feedback process dynamics. Generally, feedback control performs well 
when the dynamics in the feedback path are fast, with a short dead time. 
Also, inverse responses were shown to degrade control performance, and, 
because multivariable control systems have a parallel structure, the closed- 
loop systems can experience inverse responses even though each individual 
input-output dynamic response does not. Improved control performance can 
be achieved in many cases by selecting from a suite of enhancements that 
improve dynamic performance, such as cascade, feedforward, adaptive tun¬ 
ing, and process modifications that reduce the feedback dynamics, such as a 
partial bypass around a heat exchanger. 

Processes that are open-loop stable are preferred. Non-self-regulating 
levels and all pressures in closed vessels are noted for feedback control when 
reviewing a process. Also, processes that have significant inherent positive 
feedback should be evaluated to be sure that they are open-loop stable; if 
unstable, efforts should be made to modify the process design. 

Processes with recycle deserve special attention because of the possibility 
of positive feedback. When reactants are recovered and returned to a chem¬ 
ical reactor, the possibility of poor self-regulation or instability exists. The 
control system should be designed to ensure that neither reactants nor inerts 
accumulate in the system without limit. 

7. Disturbance dynamics. Additional steps can be taken to reduce the effect 
of the disturbance; the best action is to eliminate it at the source. Other steps 
include feedforward control, inventory sizing, and averaging level control, to 
modulate the rate of change in flow properties, and process operating condition 
changes, to reduce the sensitivity to a selected disturbance. For multiloop 
control, the influence of interaction is reduced when interaction dynamics are 
much slower than the “direct” feedback path; when unfavorable interaction 
exists, the interaction should be slowed by process equipment modifications 
and controller detuning. 

8. Timing guidance. The control design and tuning should be selected concur¬ 
rently. For example, certain levels may require averaging or tight level control, 
and interacting loops should be tuned to increase favorable interaction and 
minimize unfavorable interaction. These requirements should be documented 
as part of the control design; later implementation that does not adhere to the 
proper tuning is likely to be unsuccessful. 

The methods used for the control design procedure involve a hierarchical 
analysis, in which the initial steps establish the feasibility of achieving the desired 
performance with the process and control designs. These initial evaluations are 
selected using “open-loop indicators” (Barton et al., 1991), which depend solely 
on the process and are independent of the control structure, algorithms, and tun¬ 
ing. The operating window, controllability, integral controllability, and relative 
gain are in this category. In these steps, many inappropriate design candidates are 
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eliminated; also, many insights into the possible strengths and weaknesses in the 
remaining candidates are developed. Note that most of these evaluations can be 
based on steady-state models. 

For final design of the process and selection of the best control design, the 
dynamic behavior of the closed-loop system must be considered. For example, 
Skogestad et al. (1990) demonstrate that reliance solely on steady-state analysis 
can result in the best control design being eliminated from consideration in distil¬ 
lation control. Further, a straightforward example of the importance of dynamics 
is the pairing of an important controlled variable with a manipulated variable that 
gives fast feedback dynamics; this can even lead to pairing on a zero relative gain, 
in extreme situations. In general, the behavior of multiloop systems can be quite 
complex, with poor designs yielding inverse response even when the process dy¬ 
namics are well behaved (see Example 21.4). The frequency-dependent relative 
gain was briefly introduced to evaluate complex interactions, but the best approach 
is to simulate the final selection(s) to ensure good dynamic behavior. The use of 
nonlinear dynamic models for this final evaluation provides additional checks on 
the approximations inherent in the linear analysis methods used at earlier steps in 
the evaluation. 

25.9 m CONCLUSIONS 

While no new technology was presented in this chapter, very important methods 
for managing the design procedure were presented. They enable the engineer to 
utilize information fully and effectively, to recognize when the problem is or is not 
fully defined, to apply the simplest decision methods at each stage, and to conclude 
the design procedure with high probability of success. 

REFERENCES 

AIChE, Guidelines for Hazard Evaluation Procedures (2nd ed.), American 
Institute of Chemical Engineers, New York, 1992. 

Arbel, A., I. Rinard, and R. Shinnar, “Dynamics and Control of Fluidized Cat¬ 
alytic Crackers, 3. Designing the Control System: Choice of Manipulated 
and Controlled Variables for Partial Control,” Ind. Eng. Chem. Res., 34, 
3014-3026 (1996). 

Arbel, A., I. Rinard, and R. Shinnar, “Dynamics and Control of Fluidized 
Catalytic Crackers, 4. The Impact of Design on Partial Control,” Ind. 
Eng. Chem. Res., 36, 747-759 (1997). 

Barton, G., W. Chan, and J. Perkins, “Interaction between Process Design and 
Process Control: The Role of Open-Loop Indicators,” J. Proc. Control, 
1,3, 161-170(1991). 

Buckley, P., Techniques in Process Control, Wiley, New York, 1964. 

Buckley, P., “Material Balance Control of Recycle Systems,” Instr. Tech., 29- 
34 (May 1974). 

Downs, J., “Distillation Control in a Plantwide Control Environment,” Chap¬ 
ter 20 in Luyben, W. (ed.), Practical Distillation Control, Van Nostrand 
Reinhold, New York, 1992. 

Downs, J., and E. Vogel, “A Plant-wide Industrial Control Problem,” Comp. 
Chem. Eng., 17, 245-255 (1993). 



Fogler, S., Elements of Chemical Reaction Engineering, 3rd ed., Prentice-Hall, 
Englewood Cliffs, NJ, 1997. 

Luyben, W., B. Tyreus, and M. Luyben, Plantwide Process Control, McGraw- 
Hill, New York, 1998. 

Skogestad, S., P. Lundstrom, and M. Morari, “Selecting the Best Distillation 
Control Configuration,” AIChE J., 36, 753-764 (1990). 


ADDITIONAL RESOURCES 

Considerable material (including books, videos, and short courses) on HAZOP 
analysis is available from the Center for Chemical Process Safety of the American 
Institute of Chemical Engineering. 

The concepts in the recycle example have been expanded upon in the following 
set of publications. 

Luyben, W., “Dynamics and Control of Recycle Systems, 1. Simple Open- 
Loop and Closed-Loop Systems,” IEC Res. 32, 466-475 (1993); “2. Com¬ 
parison of Alternative Process Designs,” 32, 476-486 (1993); “3. Alter¬ 
native Process Designs in a Ternary System,” 32, 1142-1153 (1993); 
Tyreus, B., and W. Luyben, “4. Ternary Systems with One or Two Recy¬ 
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TAPPI, Process Control Fundamentals for the Pulp and Paper Industry, 
TAPPI Press, Atlanta, 1995. 

Leading research and practice in process control relating to process and control 
system design is presented in many technical meetings, including the following, 
which are organized periodically. 

International Federation of Automatic Control, Advanced Process Control in 
the Chemical Industries (ADCHEM). 

International Federation of Automatic Control, Symposium Series on Dynam¬ 
ics and Control of Chemical Reactors, Distillation Columns, and Batch 
Processes (DYCORD). 

International Federation of Automatic Control, Workshop on the Interaction 
between Process Design and Control. 

Process Systems Engineering (PSE). 


The procedures introduced in this chapter are applied using technology presented 
throughout the book. Questions for testing your learning are located at the end of 
Chapter 24. The questions at the end of Chapters 13 and 21 should also provide useful 
exercises. A few questions are given here that relate to the methods and examples 
introduced in this chapter. 


QUESTIONS 

25.1. Answer the following questions on the reactor with separator process. 

(a) Verify that selected controlled variables in Designs I and II can be 
controlled with the selected manipulated variables. 

(b) Check each of the Designs (I and II) to determine whether it is integral- 
stabilizable. 

(c) Evaluate the relative gains for the two designs and discuss the impli¬ 
cations. 

id) Demonstrate that flows F\ and F^ can be controlled with v lt V 3 , and 
ti 4 . Discuss reasons for selecting two of these three valves. 

25.2. Discuss the performance of Designs I and II and propose better alternative 

designs, if possible, for the following situations. Each situation is to be 

considered separately, not cumulatively. 

(a) The reactor temperature, 7s, must be maintained constant to obtain 
the best product selectivity. Is there an alternative reactor environment 
variable that can be adjusted? If yes, design a control strategy to meet 
the objectives. 

(b) The analyzer for the reactor concentration is quite expensive. Is there 
another variable that can be used in its place? 

(c) The control objectives are changed to include tight control of the prod¬ 
uct flow rate F$. The disturbances are unchanged. How should the 
control strategy be changed? 




( d ) The daily total production of product B must be satisfied as close to 
its target as possible. How can the design be modified to satisfy this 
requirement? 

(e) The recycle pump has been replaced with a spare pump of smaller 
capacity. Modify the control design to produce as much product as 
possible. 

25.3. Using the checklists in Section 25.2, prepare control design forms for the 
following processes. You should note information that you would need to 
determine from the plant personnel to complete the form. 

(a) The distillation process in Examples 5.4, 20.2, 20.4, 20.5, and many 
examples in Chapter 21. 

(b) The fired heater in Figure 15.17. 

(c) The boiler in Figure 2.6. 

(<d ) The gas distribution network in Question 24.15. 

25.4. A series of processes is represented by the simplified system of flows and 
inventories in Figure Q25.4. Design a variable structure control system 
that will maximize the throughput while maintaining all levels within their 
maximum and minimum limits. The constraint that determines the maxi¬ 
mum throughput could be the maximum feed target, the maximum product 
flow target, or any pump-valve combination in the system. (The targets are 
specified by the plant personnel.) 



FIGURE Q2S.4 


25.5. An inverse response (right-half-plane zero) in the feedback process dynam¬ 
ics in a single-loop control system was analyzed in Examples 1.2 and 13.8. 
Assume that a two-input-two-output process has monotonic step responses 
for each input-output relationship. Discuss whether the 2 x 2 closed-loop 
control system can have an inverse response in one controlled variable, and 
if so, under what conditions. If yes, discuss how this situation may affect 
the control performance of the system. 
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25 . 6 . Discuss the following issues in control design. 

(a) What is the proper design for systems with more manipulated than 
controlled variables? 

( b ) How does the design engineer decide at which point(s) the process 
should be operated within the operating window? 

(c) Is it impossible to implement feedback control for a system that is not 
integral-stabilizable, as determined by the Niederlinski index? 

(d) If a nonzero operating window exists, is the process guaranteed to be 
controllable within the window? 

(e) Is it appropriate to design a multiloop control system without giving 
guidance on tuning the controllers? 

25 . 7 . Discuss the following issues in control for safety. 

(a) Give examples of how control strategies for temporal levels 1 through 
3 (flow to product quality) contribute to safe operation. 

(b) Give examples of how control strategies for temporal levels 1 through 
3 can negatively influence the safety of the system. For each example, 
give a control design decision that would ameliorate the hazard. 

25 . 8 . For each of the processes in question 25.3, determine process performance 
characteristics that should be monitored using real-time data. For each 
characteristic, define the calculations and sensors required and how the 
results would be interpreted, and discuss the actions taken when the process 
performance becomes unsatisfactory. 

25 . 9 . A major process design change is being evaluated for the reactor-with- 
recycle process. The stirred tank reactor can be replaced with a packed-bed 
reactor, as shown in Figure Q25.9. A new liquid byproduct, component 
C, is also produced, and it is separated from the recycle A (and B) in a 
liquid-liquid separator. Sketch a control system design for this process in 
the figure. You may add valves and sensors as needed. 

25 . 10 . In a monograph on plantwide process control, Luyben, Tyreus, and Luyben 
(1998) discuss the potential accumulation of reactants in reactor-recycle 
systems. They suggest that one flow rate in the recycle loop should be on 
flow control, not adjusted by a level controller. 

( a ) Discuss the rationale for this suggestion. 

(b) Apply this suggestion to the solved example in this chapter (both De¬ 
signs I and II), and sketch the control designs on copies of Figure 
25.6. 

(c) Discuss the expected performance for the disturbances defined in the 
control design form. 

25 . 11 . In some reaction systems, adjusting temperature can be inappropriate. For 
the reaction sequence A -► B —► C with B the desired product, high tem¬ 
perature might lead to the production of excessive amounts of undesired 
byproduct C. Answer the following questions for both Designs I and II of 
the solved example in this chapter. 




FIGURE Q25.9 



Questions 


(a) Discuss all possible dominant variables for the reactor. 

(b) Select a dominant variable different from the temperature or concen¬ 
tration and sketch the complete design on a copy of Figure 25.6. 

(c) Discuss the response of the new control design to the disturbances in 
the control design form. 

25 . 12 . The control design form for the worked example in this chapter specified 
that the product flow rate could deviate from its desired value. Consider a 
modified problem that requires closer control of the product flow to its set 
point. 

(a) Without changing any of the existing controllers in Design I, add one 
or more controllers to improve the control of the product flow rate. 
Discuss the performance that you would expect from your new design. 

(b) Without changing any of the existing controllers in Design II, add 
one or more controllers to improve the control of the product flow 
rate. Discuss the performance that you would expect from your new 
design. 

(c) Develop a new control design that provides very tight control of the 
product flow rate, while also achieving the other control objectives. 

25 . 13 . The dynamic behavior in the worked example in this chapter was strongly 
influenced by the material recycle. Consider a modified process without 
recycle; two feeds are mixed before entering the reactor, and the liquid 
from the flash separator goes to a tank. (This would be approximately how 
the plant operated if a very large tank existed in the recycle path.) 
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(a) Consider the performance of Design I for this modified plant. 

(i b ) Consider the performance of Design II for this modified plant. 

(c) Design an improved control system for this modified plant. 

25.14. The reactor with recycle process could be modified to achieve better re¬ 
covery in the separation by replacing the flash drum with a two-product 
distillation tower. In the modified process, the overhead product would be 
a vapor stream of mostly component B, and the bottoms product would be 
liquid recycle to the reactor of mostly component A. Sketch the process 
and add sensors, valves, and controllers to yield good control performance 
for the integrated product. You may assume that the separation of the two 
components can be characterized by a constant relative volatility. 



Continual 

Improvement 


26.1 a INTRODUCTION 



Decades of industrial experience have demonstrated the success of process control 
in maintaining selected variables near their desired values. Essentially all process 
plants apply automation, using feedback and feedforward principles to achieve safe 
and profitable production of consistently high-quality product. In general, process 
control is very effective when the control system has sufficient time to respond to 
disturbances (i.e., the feedback dynamics are fast compared with the disturbance 
frequency). 

While process control, using the methods presented in this book, is required 
for regulating some process variables, the application of these methods may not 
be appropriate for all important variables. In some situations the best operating 
conditions change, and a fixed control design may not respond properly to these 
changes. In other situations, continuous feedback compensation can be too aggres¬ 
sive, leading to excessive variation in the controlled variables. Two approaches for 
continually improving plant operation are introduced in this chapter to address 
these situations. Both use the basic principle of feedback control: using outputs of 
a system to influence inputs to the system. However, these approaches involve very 
different technologies to address unique objectives. The approaches introduced in 
this chapter enhance the good performance achieved through process control. 


OPTIMIZATION. Optimization methods find the extremum —maximum or 
minimum—of an objective. Generally, the objective function will be profit, which 
we aim to maximize. When control objectives were discussed in Chapters 2,7 and 
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24, profit optimization was given less importance than safety, environmental and 
equipment protection, smooth operation, and product quality. Thus, these shorter- 
term objectives must be satisfied before we can turn our attention to profit, although 
the company will not survive in the long run without achieving profitable operation. 


STATISTICAL PROCESS CONTROL (SPC). The methods presented to this 
point in the book can be referred to as automatic process control (APC), because the 
control calculation is executed and the final element adjusted “automatically” as a 
result of the control calculation. In statistical process control (SPC) the process data 
is analyzed for opportunities for improvement, and when an opportunity exists, the 
data is diagnosed to ascertain an appropriate action. Thus, SPC involves statistical 
analysis of the real-time data, but not necessarily an action, at each execution. This 
additional analysis generally results in less frequent feedback actions, which can 
improve performance in some processes. 

Both of these methods appear in the process control implementation hier¬ 
archy in Figure 25.2, which shows them as higher levels in a cascade structure. 
Their decisions can be implemented through lower-level process control loops. 
For example, optimization systems can adjust the controller set points that regu¬ 
late operating conditions such as temperatures and production rates. Alternatively, 
the highest-level decisions may involve complex manual intervention; in these 
cases, the results are provided in an advisory manner to plant personnel. Examples 
of such decisions are a change in feed material type and decisions on regenerating 
catalyst. Also, some diagnostic results indicate only that a significant change in 
process equipment performance has occurred, and further investigation by plant 
personnel is required to ascertain the cause and corrective actions. 

Each of these topics is quite large, and entire books have been dedicated to 
their coverage. This chapter introduces some basic concepts for each approach and 
demonstrates how each relates to process control. It is important to recognize that 
most plants require excellent process control, to achieve safe and smooth operation, 
before the approaches in this chapter can be implemented and that opportunities 
for optimization and monitoring often exist. Thus, the engineer is not confronted 
with an “either/or” decision: all approaches in the hierarchy can be implemented 
concurrently. 


26.2 H OPTIMIZATION 

The control design procedure in Chapters 24 and 25 allocates manipulated vari¬ 
ables to achieve good dynamic performance, which is measured by the (hopefully, 
small) variability in key variables. Often, the number of manipulated variables 
exceeds the number of controlled variables. In these situations, safe operation and 
good product qualities can be achieved by manipulating selected process inputs 
that give the best control performance, and some manipulated variables can be 
maintained at arbitrary, constant values within an acceptable range. Alternatively, 
the excess manipulated variables can be adjusted to increase profit; these excess 
manipulated variables will be referred to as optimization variables (Marlin and 
Hrymak, 1997). Some approaches for achieving high profit with excess manipu¬ 
lated variables have already been introduced; for example, the variable-structure 
controls in Chapter 22 provide the means for utilizing manipulated variables in a 



specified order, with the proper order based on the process economics. In this chap¬ 
ter, additional optimization approaches are introduced that address more complex 
situations, where a strategy for adjusting the excess variables is not as straight¬ 
forward to determine and may change frequently. Three methods for optimizing 
process economics through adjusting optimization variables are discussed below 
and demonstrated with process examples. 



Optimization 


I. Process Control Design 


The first step in designing optimizing controls, after the regulatory controls have 
been designed, is an analysis to determine the proper strategy for the optimization 
variables. This analysis uses models of the process or plant data to answer two 
important questions: 

1. Do incentives exist for optimization? In some situations the profit will not vary 
significantly as the values of the excess manipulated variables—the optimiza¬ 
tion variables—change. When the profit does not change, the optimization 
variables can be maintained at constant values selected for convenient op¬ 
eration. When the profit is significantly different for various values of the 
optimization variables, the next question is evaluated. 

2. Is the optimal strategy constant and simple? When the profit is sensitive to the 
optimization variables, the response of these variables to external changes, 
disturbances, and set point changes should be evaluated. In some cases, the 
optimal response to these external changes (i) is nearly the same for all ex¬ 
pected operating conditions and economics and (ii) can be implemented via 
straightforward real-time calculations as part of the control strategy. 


Methods For Optimization 

I. Process control design 

II. Model-based optimization 

III. Direct search 


When the answers to both questions are yes, a control strategy can be designed 
to approximate the best performance. Examples of this approach that have al¬ 
ready been presented include the valve position controller in Figure 22.13 and the 
production maximization in Figure 22.14; in these examples, the best operating 
conditions were close to limiting values of key variables (i.e., they were “pushing 
constraints”). The method for process control design introduced in this subsection 
may not result in as simple a policy as operating near a constraint, but the con¬ 
cept is the same: implementing an operating policy that has been determined to be 
close to the best possible. The following example demonstrates the approach for 
answering the two questions above and, when appropriate, building the strategy to 
maximize profit via control calculations that do not explicitly involve economics. 

EXAMPLE 26.1. 

Steam is used in most process plants for power, driving turbines, and heat transfer. 
To satisfy the large and variable plant demands, many process plants have their 
own boilers and steam distribution networks. Typically, the boilers are arranged 
as shown in Figure 26.1, with all boilers providing steam to a single pipe, termed 
a header, from which all consumers are supplied. The total steam demand can 
be provided by any combination of individual boiler productions that sums to the 
total demand. The boiler productions are often termed loads, expressed in units 
of fraction of the maximum steam from one boiler. This convention is used in the 
example, with all boilers having the same maximum and the total consumer steam 
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Steam to consumers 



FIGURE 26.1 

Multiple boiler and steam header. 


demand expressed as a multiple of the maximum possible steam production from 
one boiler. 

The basic requirement for process control is to ensure that the steam required 
by the consumers is produced by the boilers; in other words, the consumers and 
producers of steam are “in balance" at all times. This is achieved by controlling 
the header pressure by adjusting the fuel to the boilers; any combination of steam 
productions from the four boilers that sums to the required total satisfies the basic 
objective. The percent efficiency for a boiler is defined as 100 x (energy trans¬ 
ferred to the water)/(total heat of combustion); note that the energy to the water 
includes preheating the water, vaporization, and superheating the steam. Since 
the efficiencies vary as the demand changes and are different for different boilers, 
opportunity exists for influencing profit by using the minimum fuel, while satisfying 
the total demand from the steam consumers. In this example, the boiler efficien¬ 
cies, from Cho (1978), are given in Figure 26.2. 

Using this data, the process performance can be determined for any distribu¬ 
tion of boiler loads at any steam production, D, which is the consumer demand. As 
explained in Chapter 2, the additional information required to calculate the ben¬ 
efits for automation is the distribution of plant operating conditions, which is here 
defined by the variability of the consumer demand. For this example, the demand 
is assumed to be uniform over the range of 0.8 to 2.5, as shown in Figure 26.3; for 
a real situation, this distribution would be determined based on process data. 

The fuel requirements for any steam demand, which is the direct measure of 
economics, can be determined by the application of equation (26.1). 


y'' (T’stm)i(M) — Hsttn) 

h Atf^/lOO) 


(26.1) 


where Ff = total flow of fuel to all boilers 

(F am )j = flow of steam from boiler i 

Ho = specific enthalpy of water to boiler 
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FIGURE 26.2 


Boiler efficiencies for Example 26.1. 


Optimization 



Frequency interval, j 


FIGURE 26.3 


Data to calculate the average boiler performance. 


Ham = specific enthalpy of steam to the header 
A H c = heat of combustion of the fuel 

N = number of boilers (in this example, 4) 
r\i = efficiency of boiler 1 (see Figure 26.2) 

The total steam demand D is determined by the consuming process units and 
is variable. The best boiler operation satisfies the steam demand and minimizes 
the total fuel or, equivalently, maximizes the average efficiency. Also, the best 
operation is the average of the operations at the different demands weighted by 
the fuel at each. The maximization is defined mathematically in equations (26.2). 
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(26.2b) 


j 

[tfi ] j = [Qi(P stm)? + bj(F stm)/ + C,*]y 

(26.2c) 


M r N 1 

j=i L/=i -J j 

^ ave M N 

(26.2d) 


M N 

E Fj E [(Fson ),]j 

j =1 <=1 


where Fj = frequency at interval j (0.20 for all j in this example) 

M = total number of intervals (in the example, 5) 

Fsm — 0.0 

The solution to this nonlinear mathematical problem requires optimization 
mathematics, which are not central to this introductory coverage; this topic is 
explained elsewhere (Edgar and Himmelblau, 1988), and good software exists, 
such as GAMS (Brooke et al., 1992) and SPEEDUP (Aspen Technology, 1994). 
Thus, the results of the numerical solution of problem (26.2) are given in Figure 
26.4 without details on the optimization method used. The best operation gener¬ 
ates the required total steam by adjusting the steam produced from all boilers in 
response to a change in the demand. The approach gives the highest average 
efficiency, 87%. This complete optimization could be implemented as part of a 
control strategy but would require an optimization problem (26.2) to be solved 
frequently in real time. 

The values of the optimization variables change as disturbances occur. In 
Section 26.2 two questions were posed in evaluating operations optimization. First, 
do incentives exist for optimization? This can be answered by determining the 
plant performance (here the average boiler efficiency) under the standard type of 


Optimal boiler operation 
Average efficiency = 87% 
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FIGURE 26.4 


Optimal boiler load allocation for Example 26.1. 




control. This base case is taken to be a load distribution for all boilers, so that the 
load of each boiler at any steam demand D would be D/N. The average efficiency 
for this example under the "equal loading” base case would be 86%, which is 1% 
lower than the optimal operation. Since this could represent a substantial increase 
in fuel consumption, incentives exist, and the second question will be considered. 

The second question involved a simple control strategy that could, at least 
partially, replace the complex optimization calculations for real-time implementa¬ 
tion. Since simplicity is always a goal—although not at the expense of poor product 
quality or significant loss in profit—an alternative approach to achieve partial op¬ 
timization is evaluated. The simple alternative is to maintain the boiler loads at 
constant ratios, with the values of the constant ratios selected to give good {but 
suboptimal) economic performance. This design problem—which is solved only 
once, during design, to give parameters to be used in the real-time calculations—is 
the same as equations (26.2a) through (26.2 d), but with the addition of equations 
(26.2e) for boilers i = 2, N and interval j = 1, M: 

[(F sm )i]j = fl,[(F sun ),], (26.2e) 

The solution of equations (26.2a) through (26.2e) determines the best values for 
the load ratios at each demand Dj. Note that /?, is the ratio of the steam from the /th 
boiler to the steam from the first boiler and that, once determined, this ratio does 
not change when the total steam demand changes. Thus, the resulting control 
strategy involves very simple calculations. 

The solution of this problem is given in Figure 26.5. As expected from the 
optimal results, the ratios are selected to have a high steam production from the 
more efficient boilers. The average efficiency from this much simpler approach is 
only 0.25% less than the exact optimum for the wide range of operating conditions 
in Figure 26.3. Considering the likely accuracy of the boiler efficiency curves, this 
difference does not seem to be significant, and the simpler ratio control design 
would usually be selected. The ratio control could be implemented in a manner that 
would not influence good performance of the very important pressure controller. 
As shown in Figure 26.1, the pressure controller output influences every boiler fuel 
flow directly, and the controller output is modified to allow a ratio to be adjusted. 
The coefficients in the ratio calculation, dj and <?,•, would be determined from Figure 
26.5 and would not be adjusted in real time. 


An important lesson from this example is that tracking the best operating 
conditions does not always require extensive real-time calculations. The proper 
control calculations can be ratio control (this example), constraint pushing using 
signal selects, split range, or valve position controller. The correct design often 
requires careful process analysis to give a structure that closely follows the best 
operation in real-time control calculations. 

This first approach, using a control design to approximate optimal operation, is 
appropriate when the control calculation need not change with time. For example, 
the ratios in Example 26.1 do not change as long as the efficiency curves for 
the boilers do not change with time. The result is a simple method that does not 
calculate or estimate the profit as part of the control calculation. In contrast, the 
next two approaches can respond to changes in plant performance by using process 
measurements in the calculation of profit, at the cost of much greater complexity. 


866 


Boiler Ratio Control 
Average efficiency = 86.75% 


CHAPTER 26 

Continual 

Improvement 



Boiler 1 

Boiler 2 

->*- 

Boiler 3 

Boiler 4 


Total steam demand 


FIGURE 26.5 


The best ratio boiler load allocation for Example 26.1. 


II. Model-Based Optimizing Control 

This second approach can be used when incentives exist for adjusting the opti¬ 
mization variables but the method for optimization cannot be implemented in a 
straightforward strategy such as constraint pushing or ratio control. In this ap¬ 
proach a mathematical model of the process is used to calculate the best operating 
conditions for the current situation, and inevitable model errors are corrected (at 
least partially) using feedback measurements. Many technologies are available for 
real-time, model-based optimization. One of the simpler and frequently employed 
model-based approaches is introduced in the next example; it uses a linear model 
and a simple feedback updating method. When linear models are adequate, the 
model-based optimization can use the highly reliable linear programming solution 
of the optimization problem. When the feedback is introduced by adjusting the 
“bias” term in the linear model, the optimizing controller can be formulated in the 
model-predictive structure. 

EXAMPLE 26.2. 

In some cases, linear models can represent a process with satisfactory accuracy 
for the purpose of optimization of single process units. An industrially important 
control problem is the blending of several materials into a product mixture, with 
the control objectives to achieve the specified production rate and to maintain 
the product qualities within their limits. In this example, several hydrocarbon com¬ 
ponents are blended to produce gasoline. The product qualities, octane number 
(OCT) and vapor pressure (RVP), are important for the performance of the gaso¬ 
line in an internal-combustion engine (Stadnicki and Lawler, 1985). The component 
flows can take any values from zero to the maximum amount available. 

This process is shown in Figure 26.6, and the linearized model is 

L 

(RVP) F t = J2 r ‘ F ‘ 

i =l 


(26.3a) 








Set points for 
! OCT and RVP 



Blending process with optimizing, model-predictive 

controller. 



Optimization 


(OCT )F t = Y J O i F i 
1 = 1 

Ft = ±F> 


i=i 


(26.3i>) 

(26.3c) 


where OCT = product octane 

Oi — component octane 
RVP = product vapor pressure 
r, = component vapor pressure 
F t = product flow 
Fj = component flow 

L = number of component flows (4 in this example) 

In this example, the same model structure is used to represent both the true plant 
and the model used for control (i.e., G m in Figure 26.6). The parameters in the 
controller model are not identical to those of the plant; these differences always 
occur in practice due to model error. 

Note that the dynamics are so fast that the process is essentially at steady 
state, so the controller model is algebraic [G„,(j) = K„,]. The controller in the 
model predictive structure involves an inverse of the process model. However, 
the process and the process model have more manipulated than controlled vari¬ 
ables; four manipulated flows and only two controlled product qualities. In this 
situation many combinations of the manipulated-variable values can satisfy the 
controlled-variable values. This flexibility can be capitalized upon not only to satisfy 
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the controlled-variable bounds in equation (26.3), but also to maximize profit by 
using the lowest-cost components. This flexibility is advantageous, but it leads to 
a mathematical problem that offers more challenge than taking the inverse of a 
square matrix. The statement of the problem to be solved by the controller G c is 


L 

max profit ~ VfFj — ^ (26.4a) 

Fi 

/=! 

subject to 


L 


(RVP min )F r < £r,F, + F T (E m ) rvp < (RVP max )F r 

1 = 1 

(26.4 b) 

L 

(OCT mln )Fr < ^ o, F, + Fr(£ m )ocT 5 (OCT max )F r 

i=i 

(26.4c) 

Fr-t* 

;_1 

(26.4cf) 

i — i 

o < Ft < ( Fi) mm 

(26.4e) 


where V T = value of the product 

Vi = value of each component 

E m = feedback correction defined in equations (26.5), which would 
be zero if no feedback were implemented 


Mathematical problems of this structure—linear equations that include both 
equalities and inequalities—are well known in applied mathematics as linear pro¬ 
gramming (Best and Ritter, 1985). The solution to this problem gives the values 
of the four manipulated variables (flows) that satisfy all equations under “subject 
to” and also maximizes the profit. The number of equations that are equalities at 
the solution is the number of original, strict equalities (26.4af) and the number of 
inequalities (< or >) that are at their limits at the solution. This forms the set of 
equations to be solved by adjusting the same number of manipulated variables. 
In this case, the solution contains one equality (26.4d) and two inequalities due 
to limits on the product quality (26.4b and 26.4c). Thus, three manipulated flows 
must be adjusted to values that satisfy the equalities. Since four flows exist, one 
flow is not specified, and linear programming theory demonstrates that this “ex¬ 
cess" optimization variable must be at either its upper or lower limit, depending 
on which limit results in the highest profit. 

Efficient computer programs are available to solve the linear program in equa¬ 
tion (26.4), which is shown as G c in Figure 26.6. If no feedback were included, the 
model would be used in a feedforward prediction of the correct flows to optimize 
the operation. The feedback control system in Figure 26.6 uses measurements of 
the product qualities to correct the model. Many possible methods can be used 
to correct the model, and in principle, all coefficients (o, and r,) could be adjusted 
when sufficient data is available. In this example, only the simplest feedback is 
considered, in which the difference between the measured value of the product 
quality and the model prediction is used to correct the model “bias" term. This is 
essentially the same type of feedback used in the model predictive controllers in 
Chapters 19 and 23. Thus, the E m terms in equations (26.4) are 

( E m ) rvp — RVP m eas RVPmodel 

(^m)oCT = OCTmeas — OCT m0 ,j e | 

with the subscript “meas” indicating the measured values in the product stream. 
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While this type of feedback was shown to provide zero steady-state offset for 
steplike disturbances for the controllers in Chapter 19, it is not guaranteed to 
provide exact tracking of the true plant optimum for all situations of model errors, Optimization 

although it may under some conditions. Conditions for its success are given by 
Forbes and Marlin (1994). 

In this example, the model used in the controller differs from the true plant per¬ 
formance, as would essentially always occur. The component qualities are given 
for the true plant and the controller model in Table 26.1. The dynamic response for 
this case under closed-loop control, with the model update equations (26.5) and 
the optimization problem (26.4) solved every controller execution, is given in Fig¬ 
ures 26.7 through 26.9. In Figure 26.7, the component flow rates are shown for each 
controller iteration. The first iteration was performed without feedback ( E m = 0), 



Iteration number 


■ (F\ ~ 5500) - -A- ■ F 2 . F 3 — O— /*4 


FIGURE 26.7 

Component flow rates during feedback control. 



Response of octane under closed-loop optimizing 

control. 



Response of vapor pressure under optimizing control. 
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Component Product 


System 

Property 

F\ 

f 2 

F 3 

f 4 

High Low 

Model 

Octane 

88 

64.5 

92.5 

98 

— 88.5 


Vapor pressure (psi) 

5 

14 

138 

5 

10.5 — 

Plant 

Octane 

91.8 

64.5 

92.5 

96.5 

— 88.5 


Vapor pressure (psi) 

4 

12 

138 

7 

10.5 — 

Model 

Value ($/bbl) 

34 

26 

10.3 

37 

33 

Model and plant 

Maximum flow bbl/d 

12000 

6500 

3000 

7000 

7000 (fixed) 


1 bbl (barrel) = 0.159 m 3 ; psi = 6.89 kPa 


so these results are a feedforward prediction of the best operation. After each 
controller execution, feedback measurements were taken and used to calculate 
the corrected biases E m to be used by the controller for the next iteration. By the 
completion of the eighth iteration, the control system, using the feedback model 
corrections, achieved operating conditions that maximize profit in the true plant. 
The actual measured product qualities are shown in Figures 26.8 and 26.9. Both 
qualities should be within their upper and lower limits and, at the optimum, arrive at 
a limit—the upper limit for vapor pressure and the lower limit for octane, because 
this operation maximizes profit. Note that the qualities violate their limits during the 
transient responses in spite of the controller containing explicit equations for these 
limits, because the model errors are large enough to lead to significant, although 
temporary, violations of product quality limits in this example. 


In general, many decisions must be made in designing and implementing a 
model-based real-time optimizer; some of these are model structure, parameters 
to be updated, measurements used for updating, and the updating calculation (e.g., 
least squares). Some guidance on these decisions is provided by Forbes and Marlin 
(1994) and Krishnan et al. (1993). Industrial experience indicates great benefit for 
real-time optimization (e.g., Fatora et al., 1992; Larmon, 1977; Yang and Wald- 
man, 1982). The best experiences are reported for plants with accurate models and 
good measurements, so that the feedback model updating leads to accurate rep¬ 
resentations. Also, substantial improvements occur more often in complex plants 
with many variables and changing conditions, where control structures, such as 
operating close to the same constraint, are not likely to yield the highest profit. 


III. Direct Search 

This third approach can be used when incentives exist for adjusting the optimization 
variables, but the strategy for optimization cannot be implemented in a straightfor¬ 
ward strategy such as constraint pushing or ratio control, and accurate models do 
not exist. In these situations, a very simple, locally accurate model of the process 


is determined empirically from plant data. This model is used to determine the 
direction in which changes in the manipulated variables will increase profit. The 
plant operating conditions are then changed a small amount in this direction, and 
a new, updated model is evaluated. The direction for optimization is determined 
again from plant data, and another step is taken. 

This iterative approach has been used for many years to study plant behavior 
and determine improved operating conditions. When the experiments are time- 
consuming and expensive, effort must be made to reduce the duration of the study; 
then, only a few experiments are performed and careful statistical evaluations are 
used to determine whether further improvement is likely and, if so, which direction 
is the best. Infrequent application of this concept in studies or “campaigns” is usu¬ 
ally termed evolutionary operation, a term coined by Box and Draper (1969), who 
provided procedures, guidelines, and statistical tests for this periodic approach. 
While the periodic approach minimizes disturbances to the plant resulting from its 
designed experiments, it cannot track the best operation when it changes frequently. 

The concept of building a locally accurate model for determining the direction 
of optimization can be extended to real-time, feedback control. Many algorithms 
are possible, and one of the simplest is discussed here (Bozenhardt, 1986). The 
concept is shown in Figure 26.10, where the last few values of the optimization 
variable and calculated profit are plotted. Recall that the true plant profit is never 
known exactly; thus, an estimate of profit must be calculated from plant mea¬ 
surements. The direction in which the optimization variable should be changed 
to increase the calculated profit can be determined from the data in the plot. One 
method for determining the direction is to fit some of the most recent data with 
a straight line by least squares (Box et al., 1978). The slope of the line gives the 
correct direction (i.e., whether the optimization variable should be increased or 
decreased). The expression for the slope when there is one optimization variable is 

"p 

£ ( Pi 7 > a ve)(2f| — A'ave) 

S = - (26.6) 

£( X ; - * ave ) 2 

i=i 



Using past data to determine the search direction. 
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where N p = number of points used in calculating the slope 
Pi = profit at point i 
P ave = average profit (in N p data points) 

S — slope 

X, = optimization variable value at point i 
X ave = average value of the optimization variable (in N p data points) 

In this method, the optimizing controller makes a change in the optimization 
variable equal to AX[sign(S)], with the step size AX a fixed value independent 
of the magnitude of the slope. Note that this algorithm can be extended to more 
manipulated variables by modifying the expression for the slope. The following 
parameters appear in this algorithm and their selection and tuning are demonstrated 
in the next example. 

CALCULATED PROFIT. The calculated variable should be directly related to 
plant profit and should be relatively insensitive to measurement noise and process 
disturbances. 


OPTIMIZATION VARIABLE(S). The manipulated variables that yield ex¬ 
cellent feedback control of safety-related variables and product quality should be 
allocated to these higher-priority tasks. The additional manipulated variable(s) that 
influence profit can be adjusted slowly to improve profit. 

NUMBER OF PAST DATA POINTS. Past data provides a filter that makes 
the slope less sensitive to measurement noise; for this purpose, a large number 
would be good. However, too long a memory has two disadvantages. First, long 
memory gives importance to very old data that might not represent the current 
plant performance. Second, long memory requires many points on the “other side” 
of the maximum before the slope changes sign, which leads to large oscillations 
about the optimum operating point. 

STEP SIZE. The step size should be small so that the change does not signifi¬ 
cantly influence important controlled variables, such as product quality. However, 
the step size should be large enough to cause a measurable change in the profit 
calculated from noisy plant measurements. 

EXECUTION PERIOD. The approach to direct search described in this section 
requires the plant to achieve steady state between executions for measured values 
to represent the profit properly. Thus, the minimum execution period must be long 
enough for the process to achieve steady state: approximately the dead time plus 
four time constants for a first-order-with-dead-time process. Other approaches 
have been investigated that estimate parameters in a dynamic model and use the 
steady-state gain to determine the best direction (e.g., Bamberger and Isermann, 
1978; Garcia and Morari, 1981). 

CALCULATED DIRECTION. This method bases the direction on the slope. 
It would be possible to fit a higher-order curve to the data; however, the use of 



process measurements in calculating the profit estimate introduces noise into the 
method, which usually leads to unreliable estimates of coefficients of the higher- 
order terms. 

EXAMPLE 26.3. 

The steady-state operation of the chemical reactor in Figure 26.11 is to be opti¬ 
mized in response to unmeasured disturbances. The profit is maximized by achiev¬ 
ing the highest possible concentration of product B in the reactor effluent. 
Information: The chemical reactions are 

A-> B -*■ C 


where 

1. The rate expressions -r A = k M exp(-£ A0 /RT) and r c = k C o exp(-£ C o/RT) 
with nominal values of k A0 = 17748.5 min -1 , k C o = 643,048 min -1 , E A0 /R = 
3000 K, and £ co = 4000 K. 

2 . The temperature is constant at 330 K. 

3. The heat of reaction, heat transfer, and work are negligible. 

4. The volume is constant and the contents are well mixed. 

5. The flow rate is 2.65 m 3 /min. 

An optimum concentration of B (C B ) exists because too low a concentration of 
the desired product B is not optimal, and a large concentration of B leads to 
excessive losses of B to undesired byproduct C. The conversion is influenced 
by the residence time in the reactor; therefore, the manipulated variable for this 
reactor is selected to be the volume of liquid in the reactor. 

The optimum operating condition for the parameters in this example is V = 1.0 
m 3 , which gives C B = 0.556. However, the plant is subject to disturbances that 
require us to frequently change the operations (level) to obtain the highest C B 
possible at the time. For this example, the disturbance involves occurrence of an 
inhibitor that decreases the rate of the first reaction; k A0 is decreased from 17,748.5 
to 10,000 min -1 when the inhibitor is present. The steady-state behavior of the 



Stirred-tank reactor with direct-search optimizing 

control. 
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Concentration of B for two situations in Example 
26.3. 


reactor is shown in Figure 26.12 for two situations, no inhibitor and inhibitor present. 
Naturally, many other disturbances are possible, and the real-time optimization 
approach should respond well to all disturbances. 

The direct search optimization approach is applied to the reactor problem 
using the following parameter values: 

Profit measure = Cb 

Optimization variable = V(with T, Cao. and F constant) 

Number of points in memory = 3 
Step size (A V) = 0.05 m 3 

Execution period = to achieve steady-state 

Calculated direction = slope from equation (26.6) 

The performance of the direct-search optimization for the ideal situation, a plant 
without measurement noise, is shown in Figure 26.13. At controller iteration 20 the 
inhibitor in the feed increases in a step, and at iteration 50 it returns to its original 
value of 0.0. As a result of this disturbance, the concentration C B decreases; then 
the search method adjusts the reactor volume V to achieve the maximum concen¬ 
tration of B for the current situation. Note that the optimum volume is shown in the 
figure only to aid in evaluating the performance of the optimizing controller; the 
optimum volume would normally not be known and was not used by the search 
algorithm. 

The performance of the direct search for a realistic situation, in which the 
measurement of C B includes noise, is given in Figure 26.14. The same scenario is 
involved in this data. As expected, the optimization performance is not as good, 
with some "wandering” around the optimum, but the algorithm was successful in 
changing the optimization variable in the proper direction and about the correct 
magnitude. Again, the true optimal value of the volume was not used by the direct- 
search controller. 




Reactor volume Concentration of B Reactor volume Concentration of B 
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FIGURE 26.13 

Direct-search optimization without measurement noise. 




FIGURE 26.14 

Direct-search optimization with measurement noise. 
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26.3 m STATISTICAL PROCESS CONTROL (SPC) 

Automatic process control (APC) using feedforward and feedback principles iden¬ 
tifies a deviation from desired operation (i.e., from the set point or points) and 
makes an immediate adjustment in a manipulated variable. Thus, automatic pro¬ 
cess control does not eliminate the cause of poor operation (i.e., the disturbance); 
the adjustment is selected to compensate for the effects of the disturbance and 
maintain the controlled variable at its desired value. Since the sources of distur¬ 
bances have not been affected, the APC approach leaves the process susceptible 
to future disturbances from the same source. In contrast, statistical process control 
(SPC) has as a goal the identification and elimination of disturbances. By this 
approach of removing the source of disturbances, the long-term effect of SPC is to 
reduce variability in process operation and improve product quality. Since some 
variability in process operations is inevitable, statistical process control alone can¬ 
not adequately control most process operations. Fortunately, SPC and APC can 
provide complementary improvements and can be applied to the same process to 
improve the overall performance. 

Statistical process control identifies deviations in process performance using 
real-time measurements. The base-case performance is established, not from a 
fundamental mathematical model, but rather from experience; thus, empirical data 
is used in establishing the typical variability in process variables. This variability 
results from many (small) disturbances and sensor noise, which are considered to be 
unavoidable. This typical variability is referred to as common-cause, which results 
in consistent variability over time. As each new set of process data is collected, it 
is evaluated by comparison with the common-cause variability, and the possibility 
of a significant change in process operation is evaluated. Significant deviation 
from the common-cause variability would then result from a disturbance that is 
not typical; this is referred to as a special (or assignable ) cause of variability. If a 
change has occurred, the process is diagnosed to determine the proper corrective 
action. The corrective action may be as simple as adjusting a final control element, 
or it might be as involved as changing the source of feed material or catalyst to 
prevent the cause of the disturbance. 


Automatic process control compensates for deviations from set point. In contrast, 
statistical process control has the goal of identifying and eliminating causes of vari¬ 
ability in key process variables. 


Statistical process control is now demonstrated by way of its best-known method. 


Shewhart Chart 

The analysis of the process data to quickly and easily recognize changes in pro¬ 
cess performance is facilitated by the Shewhart chart, shown in Figure 26.15. 
The Shewhart chart provides a visual display of recent process data of a single 
measurement along with limits representing the typical, common-cause variabil¬ 
ity. The limits are determined empirically from “good” process operation and are 
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FIGURE 26.15 

Shewhart chart. 


typically set to include 99.7% of the data; if the data is normally distributed about 
its mean, the limits are located ± three standard deviations from the mean. The 
limits are referred to as the upper and lower control limits (UCL and LCL). Com¬ 
paring a measured value with these limits is essentially a statistical hypothesis test 
on whether the mean of the variable has changed; this test could be calculated 
in a standard manner, although the clarity provided by the visual display of data 
with the limits increases the appreciation of the effects of variability (Montgomery, 
1985). Also, modifications are available for variables with nonnormal distributions 
(Jacobs, 1990). 

When the process is experiencing typical variability, a situation often referred 
to as “in the state of statistical control,” most data will be within the limits. Although 
there is variation of the measurement within these limits, this variation is accepted 
as inevitable and no action is taken, whereas automatic process control makes a 
feedback compensation for any nonzero error. If the measured value exceeds the 
limits, the SPC approach requires a diagnosis to determine the special or assignable 
cause and requires the implementation of the appropriate corrective action. 

EXAMPLE 26.4. 

Reconsider the chemical reactor in Example 26.3 without the optimizer. The liq¬ 
uid level is controlled and the concentration of component B is measured online. 
Describe how the process could be monitored using a Shewhart chart. 

The concentration of B is the key indicator of process performance and can be 
plotted on a Shewhart chart. Historical data, not shown, has been used to establish 
the common-cause variability and the control limits for the concentration. Some 
data are plotted in Figure 26.15 for this example. In the initial data, the concentra¬ 
tion remains within the action limits, although it varies due to the common-cause 
disturbances: small changes in the level, flow, reactor temperature, and feed con¬ 
centration. At a time indicated by an arrow, the concentration of B deviates from its 
usual range and remains outside this range for an extended time, which indicates 
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a special-cause disturbance has occurred. In this example, the source of the dis¬ 
turbance is not obvious from the data, so additional diagnosis would be required. 
For example, the measures of the key process variables could be checked for 
errors, the reactor temperature could be determined, and the feed composition 
could be measured. As noted in Example 26.3, the inhibitor concentration is an 
important factor in the process performance and could be determined by labora¬ 
tory analysis. If the inhibitor concentration has caused this deviation, as is likely 
for such a large disturbance, the underlying source of the disturbance should be 
determined; for example, the reason could be contamination in storage or poor 
quality from a supplier. Whatever the cause, the corrective action should not only 
eliminate the current disturbance but also prevent future occurrences. Notice that 
the optimization results in Example 26.3 can only give the best performance with 
a given level of inhibitor, which can represent a substantially lower concentration 
of B; only eliminating the disturbance can restore this process to its desired high 
concentration of B. 



Reducing Variability 

The distinction between APC and SPC can be clarified and the strengths of each 
can be demonstrated by considering two examples which could involve the same 
process, but experiencing different disturbances. Consider the packed-bed chem¬ 
ical reactor in Figure 14.11. The objective is to maintain the concentration in the 
effluent measured by the sensor at a desired value, and concentration can be influ¬ 
enced by adjusting the heating medium valve in the reactor preheat exchanger. The 
performances of this process with and without feedback control are considered for 
two different scenarios. 


SCENARIO I. For this scenario, the initial data is given without any feedback 
action in Figure 26.16. The cause of the variation for Scenario I is essentially 
random, uncorrelated noise about the constant mean value. For example, this could 
occur if (1) no (significant) disturbances occur in the reactor operating variables 
and (2) the sensor experiences a random error each time a sample is analyzed. 
In this situation, the proper operating policy for this common-cause variability is 
to make no adjustment to the valve, since the current error cannot be corrected 
by the adjustment and the current deviation does not provide an indication of the 
future deviations. As shown in Figure 26.16, implementing a standard proportional- 
integral feedback control calculation will increase the variability in the product 
quality. Thus, the SPC approach provides better performance for regulating the 
reactor in Scenario I. 


SCENARIO II. In this scenario, the initial data is given without any feedback 
action in Figure 26.17. The variation for Scenario II is due not only to random 
sensor error but also to slower-changing disturbances in some process input vari¬ 
ables such as feed composition and heating medium temperature. We can observe 
that the variability of the product composition appears correlated in time; that is, 
the composition includes a slow drift along with some random noise. In this situa¬ 
tion, the current deviation provides an indication of the likely future deviations, and 
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FIGURE 26.16 

Dynamic response for Scenario I, in which feedback degrades performance. 
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the feedback dynamics are fast enough that adjustments in the valve can com¬ 
pensate for the slowly changing disturbances. Thus, automatic process control is 
appropriate, as shown in Figure 26.17, which shows a decrease in the variability 
when a proportional-integral feedback controller is implemented. Thus, the APC 
approach provides better performance for regulating the reactor in Scenario II. 

The comparison of the performance of SPC and APC for these two scenar¬ 
ios demonstrates that both have many applications. When the variability without 
feedback compensation is nearly random, so that feedback corrections cannot com¬ 
pensate for the deviations, an SPC approach is appropriate. When the variability 
without feedback compensation is due to slowly varying disturbances, APC can 
be effective in reducing the variability. For further discussion on this point, see 
MacGregor (1990). 


Variability of the Manipulated Variable 

Another distinction between APC and SPC stems from the frequency of corrective 
actions taken. APC involves an action every time the controller is executed; thus, 
it must be possible to adjust the final element without disrupting the process op¬ 
eration, which is possible with standard control valves. As a result, APC reduces 
the variance of the controlled variable while increasing the variance of the manip¬ 
ulated variable. This situation is sometimes described as “moving” the variability 
from the important controlled variable to the less important manipulated variable, 
as demonstrated in Figure 26.16. This situation has been discussed previously and 
has been shown in Figures 7.8,7.9,13.18,23.10, and 24.19. 

In contrast, SPC involves infrequent adjustments—only when the measure¬ 
ment exceeds the control limits. This is advantageous for systems in which the cost 
of the control action is considerable. Examples of costly adjustments are chang¬ 
ing the reactor catalyst, changing the feed material, and stopping and adjusting 
machinery. Since the special-cause disturbances occur infrequently and the action 
limits are set to result in few “false alarms” (only 3 in 1000), the SPC approach, 
when applied to appropriate scenarios, reduces the adjustments in the manipulated 
variable required to maintain the controlled variable within the upper and lower 
control limits. 

This perspective suggests an approach for diagnosing process performance 
for variables that are under PID feedback control. In situations with effective feed¬ 
back, the controlled variable may not deviate greatly from its set point, although 
significant disturbances occur. However, the occurrence of these disturbances can 
be determined by monitoring the manipulated variable, because it must be adjusted 
to compensate for disturbances. 


Process Capability 

The discussion to this point has addressed the variability of key process variables; 
now, the requirements of the market are added to the considerations. In particular, 
the comparison of the variability (here, assumed normally distributed) with the 
required minimum variability is an important factor in evaluating the success of 
the process operation. The comparison of actual with required variability is termed 



the process capability, defined as follows: 


Capability index = C p = 

USL - LSL 

6 a 

(26.7) 

„ . rUSL-X m 

c pk = mm [ ^ . 

Xm-LSL] 

3 a J 

(26.8) 


where C p = process capability index 
C P k = process capability index 

USL = upper specification limit on acceptable variation in product 
variable 

LSL = lower specification limit on acceptable variation in product 
variable 

X m = mean value of the variable 
a = standard deviation of the actual variability of the product 
quality 

The variable C p is meaningful when the target for the product specification is 
the mean of the range. The C p k is meaningful when the target is not the mean of 
the range. The best situation occurs when the variability of the process is small 
compared with the variability allowed in the market: 

C p k<& 1 Considerable “off-specification” material is produced 

C p k & 1 Most production satisfies specifications 

C p k 1 Nearly all production well within the specifications 

The capability index is a useful measure for evaluating the current process perfor¬ 
mance against the market needs. However, continual improvement efforts should 
not cease when C p and C P k are greater than 1.0. 


The reduction of variability should be a continual effort. The goals include the 
reduction in number of times special causes occur and the reduction of the common- 
cause variability. 


The producer of the highest-quality product often can increase total sales or profit 
margins, and experience has shown that the lower-quality producers often cannot 
sell their products. 

26.4 m CONCLUSIONS 

Two approaches for continual process improvement have been introduced in this 
chapter. Optimization is appropriate when the operating profit changes significantly 
because of frequent disturbances and there are available manipulated variables that 
can be adjusted to increase the profit without degrading the product quality. These 
variables tend to be set points of the underlying regulatory process controls. Thus, 
optimization generally functions as the highest level in a cascade control structure. 

Statistical process control has as its goal the reduction of variability, primarily 
in the key product qualities. In contrast to automatic process control, statistical 
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process control involves actions that address the root cause of the disturbance. 
By diagnosing and eliminating these causes, the number and severity of future 
disturbances are reduced, and the process performance is improved. 

These approaches have merely been introduced in this chapter. The reader 
is encouraged to refer to the References and Additional Resources for further 
information. These methods can provide substantial improvement when applied 
continually to a process that is operating under excellent automatic process control. 
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The process industries involve fast sampling of processes with relatively slow 
dynamics. In this situation, each data point can be correlated with points in the 
recent past. Although the general approaches in classical SPC are directly applica¬ 
ble, many of the specific methods and quantitative approaches must be modified. 
The following references provide insight into the special needs of the process 
industries. 

Box, G., and T. Kramer, “Statistical Process Monitoring and Feedback Adjust¬ 
ment—A Discussion,” Technometrics, 34, 251-267 (see also the exten¬ 
sive discussions on pages 268-285) (1992). 

Harris, T., and W. Ross, “Statistical Process Control Procedures for Correlated 
Observations,” Can. J. Chem. Eng., 69, 139-148 (1991). 
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direct, independent monitoring of many independent variables via Shewhart charts 
CHAPTER 26 would be tedious and difficult to interpret. An alternative method is described in 

Continual 

Improvement Kresta, J., J. MacGregor, and T. Marlin, “Multivariate Statistical Monitoring of 

Process Operating Performance,” Can. J. Chem. Eng., 69, 35-47 (1991). 

QUESTIONS 

26.1. Design an optimizing control strategy for the process in Figure Q26.1 to 
satisfy the following objectives: 

(1) Tight control of the flow rate leaving the furnace via the coil 

(2) The coil outlet temperature (TC) maintained close to its set point 

(3) The total fuel consumption minimized 

Design a control strategy that achieves these objectives. Clearly define the 
measurements, calculation of the performance function, and the control 
algorithm and explain how interactions among the strategies will be con¬ 
sidered. 



26.2. Discuss the key elements of the single-stage refrigeration circuit in Figure 
Q26.2. 

(а) Design regulatory controls for this system that satisfy the demands of 
the consumers. Two consumers are shown as a heat exchanger (tem¬ 
perature controller) and a condenser (pressure controller). 

(б) Add necessary controls to minimize the energy consumption (i.e., min¬ 
imize the steam consumption) while satisfying the consumers’ de¬ 
mands. You may add sensors and add and delete valves. 

26.3. The plant has byproducts that can be used as fuel or must be discarded with 
no value. Thus, all excess fuel should be consumed, if possible. Design a 
control strategy that provides good coil outlet temperature control and that 
consumes all possible excess fuel for the fired heater in Figure Q26.3. Note 
that (1) the two fuels have different compositions and (2) the excess fuel 
availability can change quickly and by large magnitudes. 

26.4. In some plants, incentives exist to supply heat to the process via one (or a 
few) large, efficient fired heaters. The energy is transferred to consumers 
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FIGURE Q26.2 


throughout the plant via an oil stream with good heat transfer, heat capacity, 
and thermal stability properties. Design a control strategy for the process 
in Figure Q26.4 that satisfies the following objectives, listed in order of 
decreasing importance. 

(a) Control T3 and T4. 

(b) Control T6 and T7. 

(c) Determine the best value for the fired-heater outlet temperature, i.e., 
the value that satisfies (a) and ( b ) at minimum fuel. 

(, d ) Recover as much energy as possible at the highest temperature. 

You may add sensors and add or delete piping and valves. 



Rue gas 



as possible) 


FIGURE Q26.3 


FIGURE Q26.4 
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26 . 5 . The control design in Figure Q26.5 is proposed for maximizing the pro¬ 
duction rate in a chemical plant. The likely equipment limitations are the 
maximum reactor heating, the maximum flow of vapor from the flash, and 
the maximum reboiler duty in the distillation tower. The proposed design 
may not function well because of the long dynamics. Suggest enhance¬ 
ments that would ensure that (a) the maximum vapor flow from the flash 
is not exceeded and ( b ) the product quality in the distillation tower would 
be controlled close to its set point. 



26 . 6 . Derive the general equation for the direct search algorithm in Section 26.2 
for any number of manipulated variables. Also, discuss potential drawbacks 
with the proposed method when applied to processes with more than one 
optimization variable. 

26 . 7 . The dynamic plots in Figure 26.13 have the iteration numbers as the ab¬ 
scissa. Determine an appropriate time between iterations for this process. 

26 . 8 . Discuss additional considerations that should be included in a real-time 
boiler optimization as presented in Section 26.2. How could each consid¬ 
eration be integrated into the mathematical statement of the optimization? 

26 . 9 . Some Shewhart charts include warning limits, which are between the mean 
and the control limits. Discuss (a) the interpretation one could place on a 
single violation (or several sequential violations) of the warning limits, ( b) 
reasonable values for the warning limits, and (c) types of actions which 
could be based on these limits. 

26 . 10 . The equations for the process capability used in Section 26.3 were based 
on normally distributed data. Describe a test of a data set to decide whether 
the data is normally distributed. 








26.11. The Shewhart chart detects changes in mean via deviations beyond the 
control limits. 

(a) Discuss the interpretation of several simultaneous data points above 
(or below) the mean, but within the control limits. 

( b ) Devise additional rules that could be used in conjunction with the 
standard Shewhart chart. 

(c) Specify all assumptions required for the rules in ( b ) to be appropriate 
and when these assumptions are likely to be satisfied. 

26.12. The Shewhart chart uses the data to identify a change in mean. Propose a 
different chart that could identify a change in the variability, as measured 
by the standard deviation or variance. 

26.13. Often, the variable used in the Shewhart chart is an average of several 
samples taken at the same time from the process. Discuss the advantages 
and disadvantages of using the average of several samples rather than a 
single measurement. 

26.14. A mixing tank after a process can, in some cases, reduce the effect of pro¬ 
cess variability prior to providing the product to the customer. Discuss the 
effects of product mixing on the following processes. Specifically, would 
the mixing reduce the variability important to the customer when the mean 
of the production is correct but the variance of the material entering the 
tank is too large? 

(a) The bottoms product of a benzene-toluene distillation tower is mixed 
in a tank. The customer is interested in the percent benzene impurity. 

(b) The ball bearings from a manufacturing plant are mixed in a bin. The 
customer is interested in the diameter of each ball bearing. 

26.15. Discuss the differences between the control limits (UCL and LCL) and the 
specification limits (USL and LSL). 



Process Control 

Drawings 


Drawings provide a simple visual representation of process designs and automa¬ 
tion approaches. Since so many people are involved in the design, building, and 
operation of a process plant, drawing standards are essential, and the Instrument 
Society of America has prepared standards that are recognized in most countries 
and companies (ISA, 1986). The many design decisions lead to several typical 
levels of drawings; three common categories are 



1. Simplified, which represents the use of measurements and calculations 

2. Conceptual, which provides details on most calculations 

3. Detailed, which specifies the computing resource in which each calculation 
is performed 


Generally, simplified drawings are used in this book, and therefore, the simplified 
methods are presented in this appendix. 


A.1 □ IDENTIFICATION LETTERS 

Abbreviations of a few letters are used to identify the measurement types and 
calculations performed using measured values. Each abbreviation is located in a 
circle or “bubble,” which indicates the location of the sensor in the process. The 
abbreviations usually consist of two to three letters, with the first letter indicating 
the variable type and the subsequent letter(s) giving some information about the 
function performed. 
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Some of the more common abbreviations are presented in Table A.l. Examples of 
typical abbreviations are 
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FC 

Flow control calculation 

Drawings 

PIC 

Pressure measurement indicated (displayed) for the operating per¬ 
sonnel and used in control calculation 


LAH 

Level measurement used for signalling an alarm to operating person¬ 
nel when the level exceeds a high limit 


TS 

Temperature measurement used to open/close a switch that could shut 
down plant operation on a dangerous condition 


AC 

Analyzer control calculation; the specific analysis is usually indicated 
just outside the bubble (e.g., p for density) 


The symbol does not give much detail; for example, the flow measurement sensor 
could be an orifice plate, venturi meter, or pitot tube. Many additional details must 
be provided before the equipment can be selected and installed. These details are 
typically provided in tables, which complement drawings and are not discussed in 
this book. 


Signals 

The values of measurements or results of calculations must be transmitted between 
elements in a control system and ultimately to the final control element to influence 
the process. Many types of signals are used in a plant, and the three most common 
are shown in Figure A.l. The electric signal is represented by a dashed line in 
this book and is implemented with a 4-20 mA signal to represent measurements 
(e.g., 300-400 K) and final element values (e.g., 0-100% valve opening). The 
pneumatic signal can be used for the same purposes, and it was the dominant 
signal type until the 1960s. It remains in wide use today, because the power source 
for most valves remains air pressure; typically, the electric signal is converted to 
pneumatic at the valve. Finally, many signals between calculations are internal to a 
digital computer, and these can be represented by the symbol in Figure A. 1. Since 
most of the methods in this book can be implemented in a variety of computing 


TABLE A.1 

Identification letters 



First letter 

Succeeding letters 


A 

Analyzer 

Alarm 


F 

Flow 

Ratio (fraction) 


H 

Hand (manual operation) 

High 

L 

Level 


Low 

P 

Pressure 



S 

Speed 

Switch 


T 

Temperature 

Transmitter 


Y 

1 

1 

General computation 



Signal type 
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FIGURE A.1 


Control signals. Reprinted by permission. 
Copyright ©1986, Instrument Society of 
America. From Instrumentation Symbols and 
Identification, ISA, 5.1-1984. 


Final Element 


equipment, analog or digital, the electric signal transmission is used throughout. 
This is common practice for simplified drawings and does not preclude digital 
implementation of the designs. 

The reader should be aware that the technology for signal transmission is 
changing rapidly. Soon, digital computation will be available at the sensor and 
final element, and most signal transmission will use digital principles. This rev¬ 
olution in signal transmission will not change the technology presented in this 
book, but it will open the door to advances in sensor diagnosis and improvements 
in process reliability. 

Sensors 

The drawing indicates the type of process variable measured and the location of 
the sensor. For the most part, details of the sensor physics and chemistry are not 
addressed in this book, because information is available in most books on fluid 
mechanics and heat transfer. In a few cases, some information on the sensor type 
is indicated in the drawing. For example, the drawings in Figure A.2 show two 
different types of level sensors: a differential pressure and a float. 

A.2 □ FINAL ELEMENT 

The predominant final element in the process industries is the diaphragm-actuated 
control valve, and this is essentially the only final element considered in this book. 
The valve is sketched as shown in Figure A.3. When the power (air pressure) is 
removed from the valve, it assumes its failure position. Three failure positions are 
shown; fail open, closed, and locked (unchanged). These positions are selected 
for safety, as discussed in Chapter 12. The typical control valve has a relatively 
large unrecoverable pressure drop; thus, a butterfly valve or damper is sometimes 
used for control. Many valves in a process design are not automated and must 
be opened or closed manually; an example of such a “hand” valve is shown in 
the figure. Finally, an angle valve is used in this book to represent safety valves, 
which open without an external power source when the process pressure exceeds 
a specified limit. 
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FIGURE A.2 

Two-level sensors. Reprinted by permission. 
Copyright ©1986, Instrument Society of America. 
From Instrumentation Symbols and Identification, 
ISA, 5.1-1984. 
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FIGURE A.3 

Valve symbols. Reprinted by permission. 
Copyright ©1986, Instrument Society of 
America. From Instrumentation Symbols and 
Identification, ISA, 5.1-1984. 
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fo 

Fail open 

—c£i— 

fc 

Fail closed 

—A— 

fi 

Fail locked 


Butterfly 


Hand valve 


Angle valve 
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A.3 0 PROCESS EQUIPMENT 

Control design drawings also include a simplified sketch of the process, which is 
included to clarify the control strategy but not to provide sufficient detail to build the 
process equipment. Some of the process schematic symbols are given in Figure A.4. 
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These elements are combined in the process drawing. An example is given 
in Figure A.5. The feed flow is maintained at the desired value using flow con¬ 
trol, and the liquid level is controlled by adjusting the flow leaving the drum. The 


Shell(A) and 
tube(B) heat 
exchanger 



Pump 

© 


Packed 

Vapor-liquid separator bed 


A 



Horizontal 

drum 


Pipe with 
plug flow 



) - 0 ) — 


Turbine 


or 

expander 



T P 2 

(/>, > P 2 ) 


Compressor 

or 

fan 

P, 



(Pi<P 2 ) 


Draining 


Open tank 


Overflow 



L 


FIGURE A.4 


Process schematics. Reprinted by permission. Copyright ©1986, Instrument 
Society of America. From Instrumentation Symbols and Identification, ISA, 

5.1-1984. 
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Product 

FIGURE A.5 

Example process drawing with instrumentation. 
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reactor effluent concentration is controlled by adjusting the heating medium valve 
opening. The bed temperature is measured and used to provide an alarm to the 
operating personnel when the temperature exceeds a specified value. Finally, the 
other sensors are used for display to operating personnel. Each sensor is numbered 
to allow unambiguous reference. 


REFERENCE 

Instrument Society of America, Instrumentation Symbols and Identification , 
ISA 5.1-1984, Research Triangle Park, NC, 1986. 



Integrating 

Factor 



A single energy or material balance on a well-mixed system results in a first-order 
ordinary differential equation. Since this equation is often linearized in dynamic 
analysis, a linear first-order differential equation results. The differential equation is 
useful because it provides analytical relationships between the process equipment 
and operating parameters and key dynamic parameters such as time constants and 
gains. Often, an analytical solution is desired for the (open-loop) system output in 
response to one or more relatively simple input forcing functions. The integrating 
factor can be used to evaluate the analytical solution. 

The general linearized model will be of the form 

a(t)^-+b(t)Y = c(t) (B.l) 

at 

The functions a(t), bit), and c(t) are known functions of time, t. When the func¬ 
tion a{t) # 0 during the time considered in the solution, equation (B.l) can be 
rearranged to give 

4r+ /(/)!' = *(/) (B - 2) 

at 

with g(t) the forcing function. This ordinary differential equation is linear and 
first-order but not separable. However, it can be modified to be separable, and 
directly solvable, by multiplying by a term called the integrating factor, IF. 






The integrating factor is defined as 


APPENDIX B 

Integrating Factor 

IF = exp fit)dtj 

(B.3) 


Now, the standard equation (B.2) is multiplied by the integrating factor to give 

fit) dt'j ^ + fit) exp fit) dt j y = git) exp fit) dt^j 

(B.4) 

The left-hand side of equation (B.4) can be recognized to be the expansion of the 
derivative of a product: 

exp ^I fit) d?j ^ + fit) exp ^J fit) dt^Y = exp (^j fit) 

(B.5) 

This can be substituted to yield a separable differential equation: 

^y exp (/ fit) = git) exp ^ I fit) dt'j (B.6) 

Equation (B.6) can be separated and integrated to give the final expression for the 
dependent variable. 



= exp J fit) dt^j J git) exp fit) dt^j dt + I exp J fit) dt'j 


(B.7) 

where / is a constant of integration to be evaluated from the initial condition. 
This method is successful when the integral in equation (B.7) can be evaluated 
analytically, which is possible for some simple functions git) such as an impulse, 
step, and sine, which are useful in understanding the dynamic behavior of process 
systems. 

This integrating factor method is applied to many first-order systems in Chap¬ 
ter 3. Also, it can be applied to a system of higher-order equations in which the 
equations can be solved sequentially; this type of system is referred to as a noninter¬ 
acting series of first-order systems in Chapter 5. More complex systems, requiring 
simultaneous solution of equations, are addressed with Laplace transforms, as 
presented in Chapter 4. 




Chemical 

Reactor 

Modelling 


and Analysis 


The chemical reactor is one of the most important unit operations considered 
by chemical engineers; thus, proper modelling and analysis are essential. The 
engineer should be able to derive the basic balances for typical reactor designs and 
to anticipate the range of likely dynamic behavior. This appendix is provided to 
complement and extend the coverage in Chapters 3 through 5 by deriving the energy 
balance, demonstrating linear analysis, and addressing more complex dynamic 
behavior. Sections C.l to C.3 apply standard modelling and analysis methods to 
this important chemical process and should be understood by all students. The 
material in Sections C.4 and C.5 presents more complex behavior that occurs in 
some chemical reactors and can be covered as enrichment material. 



C.1 □ ENERGY BALANCE 

Material balances for reacting systems were derived in Chapter 3 and applied 
throughout the book. The energy balance for a continuous-flow chemical reactor 
is used, but not derived, in Section 3.5. The reactor energy balance is derived here, 
beginning with the general energy balance in equation (3.5), with the following 
assumptions: 

1. The system volume is constant. 

2. The heat capacity and density are constant. 

3. APE = AKE = 0. 

4. The tank is well mixed. 

5. One chemical reaction is occurring. 
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In this derivation the partial molar enthalpy of component i in a stream of n 
components, hi, is assumed to be a function of temperature only. 

8H 

— = ht(T) = partial molar enthalpy (C.l) 

3 Ci 

The symbol Ci is (moles/volume) of component i . The individual terms in equation 
(3.5) can be expressed as 


Accumulation: 


dU 

It 


dH _ ^p dlCMT)} 

dt 2-r dt 
1 = 1 


n 

Flow in: FHo = F ^ Ciohj (To) 
i=i 


n 

Flow out: FH = F^CihiiT) 

;=i 

The accumulation term can be expanded to give 


n 


V Z 


d[Cjhi(T)] 

dt 



(C.2) 

(C.3) 

(C.4) 


(C.5) 


The second term of the right-hand side of equation (C.5) can be simplified by 
noting that ^2Ci(dhj/dT) = pc p (cal/[volume K]). Also, the first term on the 
right-hand side can be expanded by substituting the dynamic component material 
balance from equation (3.75) for dCj/dt to give 

[v^l = X>[FC,o - FQ + Vfi t r] 
i=i 1 J i=1 (C.6) 

n n 

= F ^ C-MT) -FJ2 CihiiT) + VAH nn r 

i=l /=1 

The coefficients /i, represent the amount of the component i generated from the 
extent of reaction r; for the example of a single reaction A ->• B; the coefficients 
are -1 for component A and +1 for component B. The sum of the products of 
these coefficients times their component enthalpies is commonly called the heat 
of reaction and is available in references. Combining the results gives 

dT ^ 

pyc„— = Fj^C iQ [hi(To)-hi(T)] 

1 = 1 

,0 < C7 > 

+F J2 Cdh,(T)Xh,(J)] + V(-Aff„„)r + Q - W, 

1 = 1 

Clearly, the second term on the right is zero. Also, the first term can be simpli¬ 
fied, because partial molar enthalpy is assumed independent of composition, by 
expressing the total enthalpy of a stream as a function of its temperature to give 

dT 

Vf)Cp ~di = Ff>C P (To ~ T) + V (- A ^«n)r + Q~W S (C.8) 

Equation (C.8) is the basic energy balance for a well-mixed, continuous-flow, 
liquid-phase chemical reactor. The second term on the right-hand side can be 



thought of as “generation due to reaction,” but it is important to recognize that 
no generation term exists in the basic energy balance in equation (3.5). Also, it 
is important to recognize that many approximations have been employed that are 
not general. This equation is usually valid for liquid-phase systems but contains 
assumptions often not valid for gas-phase reactors. For alternative presentations 
and cogent discussion of reactor modelling, see Aris (1989) and Denn (1986). 
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C.2 □ MODELLING OF AN EXAMPLE NONISOTHERMAL CSTR 

In this section, the basic material and energy balances are applied to the nonisother¬ 
mal CSTR shown in Figure C.l. Also, these equations are linearized, so that the 
linearized model can be used to determine important properties of the process, 
such as stability. 

GOAL. The temperature of a chemical reactor is to be raised to 395.3 K, without 
exceeding 395.3 K, by adjusting the coolant flow. How should the coolant flow 
be adjusted? A more fundamental question is the shape of the dynamic response; 
is it monotonic or oscillatory, and what design parameters and external variables 
influence this response? 

INFORMATION. The process is shown in Figure C.l, and the system is taken 
to be the liquid in the tank. The chemical reaction is first-order with Arrhenius 
temperature dependence. 



Nonisothermal CSTR process. 


ASSUMPTIONS. 

1. The tank is well mixed. 

2. Physical properties are constant. 

3. The shaft work is negligible. 

4. The irreversible, elementary reaction is A -+ B. 


DATA. 

1. F = 1 m 3 /min; V = 1 m 3 ; Cao = 2.0 kmole/m 3 ; 7o = 323 K; C p = 1 cal/(g 
K); p = 10 6 g/m 3 ; k 0 = 1.0 x 10 10 min" 1 ; E/R = 8330.1 K; -A H nn = 
130 x 10 6 cal/(kmole); T c - m = 365 K; ( F c ) s = 15 m 3 /min; C pc = 1 cal/(g K); 
p c = 10 6 g/m 3 ; a = 1.678 x 10 6 (cal/minj/(K); b = 0.5. 

2. For this data, the steady-state values of the dependent variables are T s = 394 
K and Ca* = 0.265 kmole/m 3 . 

3. The change in coolant flow is a step of — 1 m 3 /min. 

FORMULATION. The system is the liquid in the tank. The overall material 
balance, as in several previous examples, demonstrates that the mass in the tank is 
approximately constant; thus, F 0 = F\ = F. The component material balance on 
the reactant gives 

= F(C ao - C A ) - Vk 0 e~ E/RT C A 
at 


(C.9) 
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The energy balance for this system is 
dT 


V P C p ^ = pC p F(T 0 -T)- 


aF b+l 


Fr + 


(T - T cm ) 


2p c Cpc 

+(-A H nn )Vk 0 e~ E/RT C A 


(C.10) 


These two nonlinear differential equations cannot be solved analytically. The 
linearized equations in deviation variables are as follows: 


= flu +012^' +013^0 +«14^c + fl 15^0 + a '\(>F' 
dt 

- 7 - = 02 i C' K + a-nT' + 023^-ao + a 24 F' c + 025^0 + a 2eF' 
dt 


where 


au= -L- h e- E ^ 

,—E/RT s 


012 = ~RT} he 


^- ko e- E ^C As 


013 =y 

014 = 0 
015 =0 

(Cao Ca)j 


016 = 


021 = 


V 

-AH^ko£^_ 

pCp 


F 

022 = “77 “ 


UA ‘ + (-Aff„ n )-?5-ito £ - £ '* r 'C s . 


VpC, 


023 = 0 


hi 0 F b 
—abF b F cs + - cs 


024 = 


0 


b 2 p c C 


pC p 

[T s - (r cin ),] 

~'PcJ 




025 = ^ 


026 = 


F 

V 

(To - T) s 


(C.ll) 

(C.12) 


(C.13) 


where UA* S = a(F c ) b+l /[(F c ) s + a(F c ) b s /2p c C pc ] 

The approximate model is derived about the steady-state operating point for the 
reactor. Note that the inlet concentration C' M , the coolant flow rate F' c , the inlet 
temperature T 0 ', and the feed flow rate F' are input variables in the foregoing 
linearized equations, although only the coolant flow varies in this example; this is 
done because changes in other input variables will be considered elsewhere. 
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Dynamic response for CSTR for step in cooling flow of -lm 3 /min at time = 1. 

SOLUTION. The analytical solution to the linearized model requires the si¬ 
multaneous solution of equations (C.l 1) and (C f J2), because C' A and T' appear 
in both equations. Since the integrating factor method cannot be applied to this 
problem, the analytical solution to the linearized equations can be determined us¬ 
ing Laplace transforms. To determine the behavior of the process and answer the 
specific question posed in this example, the solution of the nonlinear model will 
be determined via a numerical solution using an explicit method; the result for the 
Euler method with a step size of 0.005 minute is given in Figure C.2. The solution 
is underdamped (i.e., oscillatory) for this model and set of design parameters and 
operating conditions. As a result, a single step in the coolant flow large enough 
to raise the temperature to its desired final value of 395.3 K leads to a response 
that exceeds this maximum value during the transient. Thus, it is not possible with 
one adjustment of the cooling flow to achieve the temperature specifications, al¬ 
though the temperature could be increased very close to, without exceeding, 395.3 
K through a series of smaller adjustments to the coolant flow. 


The Reactor TYansfer 
Functions 


C.3 □ THE REACTOR TRANSFER FUNCTIONS 

The numerical solution of the nonlinear equations provides an excellent estimate 
of the behavior for a specific situation, but it does not provide important analysis 
of the effects of parameters on key aspects of the reactor’s dynamic behavior. 
These insights can be determined by analyzing the linearized dynamic model in 
transfer function form. For example, the transfer function for the temperature- 
coolant flow relationship can be determined by taking the Laplace transforms of 
equations (C. 11) and (C.12), setting the deviation variables of all but one of the 
inputs (F' c ) to zero, and combining equations. The resulting transfer function for 
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this example is (C.14) 

T(s) __ 024-y + fei Qi 4 — # 24 # n) _ j 

F c (s) <s 2 — («11 H- < 322 )-S' + ( 43 x 1«22 — 

When the numerical values of the data in Section C.2 are substituted, the result is 

#11 = —7.55 a \2 =—0.093 014 = 0.0 

# 2 i = 852.02 <222 = 5.77 ^24 = —6.07 


T(s ) (—6.07s — 45.83) 

—— = —-— (C 15i 

F c (s) (s 2 +1.79s+ 35.80) K } 

For the design parameters introduced in Section C.2, the roots of the denominator, 
i.e., the characteristic polynomial, are —0.894 ± 5.92j. The following important 
aspects of the reactor behavior can be determined from the transfer function: 


1. Since the roots of the denominator have negative real parts, the system is 
stable. 

2. Since the roots of the denominator have complex parts, the system is under¬ 
damped. 


The dynamic behavior of the linearized model can be determined by substituting 
the step input F c (s) = AF c /s = — 1/s into equation (C.15) and inverting the 
Laplace transform. This transform does not appear in Table 4.1 but could be found 
in more complete tables. (Alternatively, the partial fractions method could be ap¬ 
plied, as shown in Example H.l in Appendix H.) The resulting expression for the 
temperature response to a step in coolant flow is given in the following equation. 

T\t) = 1.28 + 2e -0,894 [—0.64 cos (5.92/) + 0.42 sin (5.92/)] (C. 16) 

The temperature is stable and oscillatory, results consistent with the analysis based 
on the roots of the characteristic polynomial. The validity of this analysis is con¬ 
firmed by the nonlinear simulation results in Figure C.2, which also show damped 
oscillations in the temperature dynamics. 

More complex behaviors, which occur occasionally in chemical reactors, are 
introduced in the next sections. 


C.4 □ MULTIPLE STEADY STATES 

Some physical processes exhibit multiple steady states, a behavior that is not ob¬ 
vious without careful analysis. Recall that a steady state is defined as a condition 
in which all relevant balances are satisfied when the accumulation terms are zero. 
For linear equations, this situation would occur at only one (if any) set of operating 
conditions. However, the equations describing most chemical processes are non¬ 
linear, and multiple solutions are possible, although they do not always, or even 
often, occur. 

The steady-state material balance for the system with a single reaction A -»■ B 
is determined from equation (C.9) to be 


F 



The second equation, the steady-state energy balance, can be separated into two 
terms: Qt for energy transfer and Qr for release due to reaction, which sum to 
zero at steady state. 

0 =Qt + Qr (C. 18) 



Multiple Steady States 


aF? +1 

where Qt = FpCp(To — T) - —^—{T — T c j n ) 

„ a K 

F c + x—7— 

L Pc'* pc 

Q r = (-A H nn )Vk 0 e~ E/RT C A 

The steady-state solution is achieved when the two terms, — Q T and Qr, are equal. 
However, more than one solution can exist for this system. To check for multiple 
solutions, it is convenient to graph the two terms versus temperature, remembering 
that the concentration value used at each temperature is determined from equation 
(C.17) at the appropriate temperature. 

This procedure has been carried out for three cases of reactor designs, which 
are described in Table C.l. Note that most parameters, including the chemical 
reaction, are the same in all cases; they differ in only the feed temperature and the 
coolant system. In addition to the design input variable values, the table presents the 
steady-state output variables, C Av and T s . Also, the linearized stability analysis, 
in the form of the poles of the system (without control) at each steady state, is 
presented; the poles are the roots of the denominator of equation (C.14). 



DATA 

F = 1 m 3 /min, V = 1 m 3 , C A o = 2.0 kmole/m 3 , C p = 1 cal/(g°C), p = 10 6 g/m 3 , 

fe=1.0x 10'° min" 1 , E/R = 8330.1K -1 , -A H nn = 130 x 10 6 cal/(kmole) 

(F c ) s = 15 m 3 /min, C pc = 1 cal/(g K), p c = 10 6 g/m \b = 0.5 

Case I is identical to the reactor introduced in Section C.2. The system has a single 
steady state, because a graph of the terms — Qt and Qr in equation (C.l8) has 
only one intersection. This steady state is stable, because the real parts of the poles 
are negative, and the behavior is underdamped, because the poles are complex. 

Case II has multiple steady states, as is demonstrated in Figure C.3, where the 
(negative of the) “energy transfer” and “release due to reaction” terms are equal 


TABLE C.1 


Data for continuous-flow stirred-tank reactors 


Variables 

Case 1 

Case II 

Case III 

r 0 (K) 

323 


343 


323 

r ci „(K) 

365 


310 


340 

a (cal/min K)/(m 3 /min) 

1.678 x 10 6 


0.516 x 10 6 


1.291 x 10 6 

Steady-state C A (kmole/m 3 ) 

0.26 

1.79 

1.37 

0.16 

1.06 

Steady-state T(K) 

393.9 

330.9 

350 

404.7 

360 

Poles (min -1 ) 




SHiWSI'aM 
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at three temperatures! Thus, this chemical reactor can operate at three distinct 
sets of concentration and temperature for the same values of all input variables 
and parameters. Next, the stability in a small region about each steady state is 
evaluated, using linearized models about each steady state to determine whether 
the reactor would operate at the conditions without feedback control. The results 
in Table C.l indicate that two steady states are stable, whereas the steady state 
with the intermediate temperature is (locally) unstable, because it has a pole that is 
real and positive. This result indicates that only the two stable steady states can be 
achieved in practice without control. Any slight deviation from the exact values in 
the inputs in the table would result in the reactor dynamic response moving away 
from the unstable steady state toward one of the stable steady states. The final 
steady state achieved depends on the initial conditions of the reactor. For example, 
if the initial conditions are taken (arbitrarily) as 393.9 K and 0.26 kmole/m 3 (the 
values from Case I), the Case II reactor does not approach the unstable steady 
state, but rather approaches the steady state at the higher temperature, as shown in 
Figure C.4. 

The instability of the intermediate temperature in Case II can be understood 
from steady-state arguments. It can be determined from Figure C.3 that as the 
temperature increases slightly from the intermediate steady state, the magnitude 
of the heat release increases faster than the magnitude of the heat transfer; that 
is, d(-Qr)/dT < d(Qn)/dT. Thus, any small positive deviation from the inter¬ 
mediate temperature will create a tendency to increase the temperature further. A 
similar conclusion can be determined for a small negative deviation in temperature. 
Thus, the intermediate temperature is unstable in the region about the intermediate 
steady state, as confirmed by the linearized stability analysis. 

The previous analysis demonstrated that the intermediate steady state satisfies 
the steady-state balances but is not locally stable. However, these operating con¬ 
ditions can be achieved by stabilizing the system through feedback control. Thus, 
if a feedback PI controller is implemented to maintain temperature at 350 K by 
adjusting the coolant flow rate, the system reaches the intermediate steady state 
stabilized by feedback control at exactly the operating conditions given in Table 
C. 1; the dynamic response is given in Figure C.5 for this example. The occurrence 



Temperature 


FIGURE C.3 

Steady-state analysis of Case II showing three steady states. 





Time F c 

FIGURE C.4 


Dynamic response of Case II without control. 



FIGURE C.5 

Closed-loop dynamic response of Case II with PI feedback control 
(SP = 350 K, K c = —l(m 3 /min)/K, T, = 5 min). 


of multiple steady states and the stabilization of an open-loop unstable steady state 
via feedback has been verified empirically for a stirred-tank reactor (e.g., Chang 
and Schmitz, 19756). 
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Most models of processes used in design and analysis in chemical engineering 
do not exhibit multiple steady states. Typically, systems that are known to have 
multiple steady states are analyzed by ad hoc methods such as the one employed 
in this section, although some general correlations are available for CSTRs with 
simple kinetics (Perlmutter, 1972). 

C.S □ CONTINUOUS OSCILLATIONS DUE TO LIMIT CYCLES 

Some strongly nonlinear systems can exhibit dynamic behavior that is quite surpris¬ 
ing when first encountered: continuous oscillations in the output variables although 
the input variables are absolutely constant! Case III in Table C.l is an example of 
a process with this behavior, which is termed a limit cycle. Notice that this system 
has a single steady state that is locally unstable, as demonstrated by the positive 
real part of its poles. This is a puzzle, because the only conditions for which the 
steady-state balances are satisfied cannot be approached stably; thus, how does the 
reactor behave? The answer is given in Figure C.6, which gives the results from the 
dynamic simulation of Case m. Clearly, the concentration and temperature never 
achieve their steady-state values, because they have periodic behavior that contin¬ 
ues indefinitely without damping. This is “stable” periodic behavior, because the 
system will return to the same limit cycle after a pulse perturbation. 

This behavior is not common but has occurred, to the surprise and conster¬ 
nation of practicing engineers in commercial situations (Bush, 1969). The be¬ 
havior has also been analyzed mathematically (Aris and Amundson, 1958) and 
produced experimentally (Chang and Schmitz, 1975a). Some systems that expe¬ 
rience limit cycles can be stabilized through feedback control (e.g., Chang and 



FIGURE C.6 

Dynamic response of Case in without control, showing a limit cycle. 






Schmitz, 1975a), but sometimes process design changes are required to obtain 
acceptable performance (e.g., Penlidis et al., 1989). 

C.6 □ CONCLUSIONS 

This appendix has provided the derivation of the energy balance for chemically 
reacting systems and samples of complex behavior that can be exhibited by such 
nonisothermal reactors. Note that all of the examples in this section involved the 
same chemical kinetics; thus, a wide array of behaviors can be achieved by chang¬ 
ing the process design parameters. Generally, the occurrence of multiple steady 
states and unstable steady states results from some type of positive feedback in 
the system. In the examples in this appendix, the positive feedback is provided 
by the exothermic chemical reaction. The analysis of steady-state multiplicity and 
stability is covered in greater detail in Perlmutter (1972), and the influence of 
these phenomena on design and control is reviewed by Seider et al. (1991) and 
Silverstein and Shinnar (1982). 

REFERENCES 

Aris, R., Elementary Chemical Reactor Analysis, Butterworth, Boston, 1989. 
Aris, R., and N. Amundson, “An Analysis of Chemical Reactor Stability and 
Control,” CES, 7, 3, 121-131 (1958). 

Bush, S., Proc. Royal Soc., 309A, 1-26 (1969). 

Chang, M., and R. Schmitz, “An Experimental Study of Oscillatory States in 
a Stirred Reactor,” CES, 30, 21-34 (1975a). 

Chang, M., and R. Schmitz, “Feedback Control of Unstable States in a Lab¬ 
oratory Reactor,” CES, 30, 837-846 (19756). 

Denn, M., Process Modeling, Pitman Publishing, Marshfield, MA, 1986. 
Penlidis, A., J. MacGregor, and A. Hamielec, “Continuous Emulsion Poly¬ 
merization: Design and Control Considerations for CSTR Trains,” CES, 
44, 273-281 (1989). 

Perlmutter, D., Stability of Chemical Reactors, Prentice-Hall, Englewood 
Cliffs, NJ, 1972. 

Seider, W., D. Brengel, and S. Widagdo, “Nonlinear Analysis in Process Con¬ 
trol,” AlChE J, 37, 1-38 (1991). 

Silverstein, J. and R. Shinnar, “Effect of Design on Stability and Control 
of Fixed Bed Catalytic Reactors with Heat Feedback,” IEC Proc. Des. 
Devel., 27,241-256(1982). 

QUESTIONS 

C.l. A slightly modified version of the CSTR described and modelled in Section 
C.2 is to be considered in this question. The system is the same except for 
the heat of reaction, A/7 rxn , which is 0.0. You may use all of the results 
in the example, specifically equations (C.l 1) to (C.l3) without deriving, 
and simply modify the results as appropriate. You do not have to substitute 
numerical values to answer this question. 

(a) The coolant flow experiences a single step change of magnitude AF C . 
Derive a model that describes the response of the concentration of 
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component A, C' k (t). The result should be in terms of the parameters 
of the process and can be expressed in terms of the a,- 7 - coefficients in 
equations (C.l 1) and (C.12). 

(b) Determine whether the response in part (a) of this question is stable 
or under what conditions it can be unstable. 

(c) Describe the shape of the response to the step input for the case in 
which the system is stable. Under what conditions can it be periodic 
(underdamped) like the response in Figure C.2? 

C.2. For the nonisothermal CSTR in Section C.2, determine the transfer func¬ 
tions relating C\(s)/F c (s ) and Ca (s)/ CaoCs). These should be in terms of 
the at] coefficients in the linearized model. Compare the results with the 
numerators and denominators in equation (C.14) and comment. 

C.3. Calculate the (open-loop) frequency response of the reactor temperature 
in Section C.2 for a sine input in the coolant flow rate, and discuss its 
important features. [Hint: You can use the transfer function in equation 
(C.15)]. 

C.4. Discuss the use of empirical identification of linear models for the CSTR 
in Section C.2. Be sure to address experimental design and the proper 
selection of parameter estimation method. 



Approximate 

Dynamic 

Models 



D.1 a METHOD OF MOMENTS 

Real processes have complex dynamic responses and require models with many 
parameters to be characterized accurately. However, the engineer often seeks a 
simple model with few parameters to describe the main aspects of the dynamic 
behavior. Examples throughout this book demonstrate that the first-order-with- 
dead-time model is adequate for the process control analysis of many, but not all, 
processes. In this section a method is developed for determining a few parameters 
that can be used to fit a model to the expected dynamic behavior; this is the method 
of moments. The application of the method of moments described in this appendix 
was demonstrated by Paynter and Takahashi (1956) and Gibilaro and Lee (1969). 

The basic approach is to evaluate several moments of the output behavior and 
use these to characterize the dynamic behavior. Thus, the first step is to define a 
moment. 


The nth moment of a variable Y (t) is 


poo 


/ t n Y{t)dt 



(D.l) 

/ Y(t)dt 


Jo 



Further moments are usually defined with respect to the first moment, which is the 
mean ; thus, the moments of the variable Y (t) about its mean are 
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poo 

T„ = - Jo 5- CD- 2 ) 

/ Y(t)dt 
Jo 

Given a function Y(t) or a set of data Y, the integrals in equations (D. 1) and (D.2) 
can be evaluated as long as they are bounded. 

The moments can also be evaluated from the Laplace transform of a variable 
in a particularly simple manner, which is the application of moments in this book. 
The development begins with the input-output model of a single-variable system 
in transfer function form. 


Y(s) = G(s)X(s) 


(D.3) 


with X(s) being the input, Y(s) the output, and G{s) the transfer function, as 
defined in equation (4.45). The moment of the output variable will be evaluated 
for a unit impulse input, for which X(s) = 1 and all integrals in the moment 
equations are bounded. From the definition of the Laplace transform and equation 
(D.3), 


°° e~ st Y {t) dt = Y(s) = G(s)X(s) = G(s) (D.4) 

Now, it is shown that any moment of an output in response to a unit impulse 
can be evaluated directly from the transfer function, using the result in equation 
(D.4) to evaluate the numerator and denominator of equation (D.l). 


f 


Y(t)dt = G(s )\ s= o 


(D.5) 


Equation (D.6) is verified using the results from equation (D.4). 


(D.6) 


= [°°t n Y(t)dt 
Jo 


(D.7) 


The method of moments is used in this book for one important application: 
determining the characteristic time of a process. The first moment is used as 
the characteristic time to “time-scale” the dynamic responses in the dimensional 
analysis presented in the tuning correlations in Chapter 9. For example, the first 
moment is evaluated for a first-order-with-dead-time process model to be 


r 

Jo 


tY(t)dt 


r mdt =(**-?! =k p 

Jo \rs + 1 J s=0 

= (-D (4 -^Tt) 

\ds xs + 1 J S=Q 

= ( 1)( =K 
\ n + 1 (ts -I- 1) 2 J i=0 ' 


(D.8) 


(D.9) 


(0 + x) 
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= 9 + t 


(D.10) 


This result was used by Jeffreson (1976) in performance correlations. 

The sum of the dead time and time constant is also the time at which the 
output response for a step in the manipulated variable reaches 63% of its final 
value (* 63 %) for the first-order-with-dead-time model. As a rough approximation, 
the first moment of many common transfer functions in the book can be used 
as an estimate of te 3 %. The first moment for a transfer function with dead time, 
multiple first-order numerator terms, and multiple first-order denominator terms 
is evaluated as follows: 


f 


t Y (t)dt = (—1) 


/ m \ 

d 7=0 

_ — 

n (r k s + 1) 

k =0 


/ 5=0 


1 K p e~ ds ]~[(T, dy s + 1 )\ 


= 9 


rife*+ 

\ * 


/ 5=0 


+ — T|dr 


/ j * r \ 

j 


r=l 


+ 1 ) 


V 


(D. 11) 


/ 5=0 


+ £ 


k£Vk 


Y[ ( Tks + 0 


kk=0 L A=1 J i= o 


/ v" 0i n (r ^ 5+i)X 




+ 1 ) 


' 5=0 


q m 

= K p [ 9 + Y^*k - 5 ^ Tidy 
k=0 j=0 



(D.12) 


This is the basis for the approximation given in Chapter 5 that is approximately 
equal to the sum of the dead times and time constants for a series of noninteracting 
first-order-with-dead-time systems. This approximation is useful for estimating the 
general time for a complex series system to respond, but it does not give sufficient 
information in itself to design or tune controllers. 


Method of Moments 
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An additional application for the method of moments is in estimating the 
parameters in a simple model based on the parameters in a more complex model. 
In this approach, several moments of the simple and more complex models are 
determined analytically, and the unknown parameters are determined for the simple 
model. Naturally, one linearly independent moment equation is required for each 
parameter. This is demonstrated as follows by determining the parameters for a 
first-order-with-dead-time model based on a known second-order-with-dead-time 
model. 


SECOND-ORDER MODEL. 

G(s) = 


gp 2 f^ 

(Tl\s + 1 )(t 22 S + 1 ) 


Unit 


impulse/ Y(t)dt : 
Jo 

First moment: 
Second moment: 


K p 2 


(#2 + T 21 + T22) 

0 \ + 20(r2i + T 22 ) — 2t2iT22 + 2(t2i + T 22 ) 2 


FIRST-ORDER MODEL: 

Kja£^_ 

ris +1 

poo 

Unit impulse I Y(t)dt : K p \ 

Jo 

First moment: ( 6\ + rj) 

Second moment: Q\ + 2Q\ T\ + 2r , 2 

These equations can be applied to the second-order-with-dead-time model in ques¬ 
tion 6.5 to answer part ( b) of the question: what is an approximate first-order-with- 
dead-time model? The results are summarized as follows: 

Second-order: 

T 4 (s) __ \.81e~ 26s 

T 2 (s) ~ (2 s + \)(2Js + 1) 

Equating the moments gives 

K p \ = 1.87 

Mi = 0i + r, = 2.6 + 2.0 + 2.7 = 7.3 
M 2 — 0 2 + 20i X\ + 2r 2 = 64.98 

giving 


0i = 3.3 n = 4.0 


Approximate first-order: 

T 4 (y) _ 1.87g~ 3 - 3 " 
72 ( 5 ) As + 1 
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0.2 □ FADE DEAD TIME APPROXIMATIONS 

Some control analysis methods are designed for process models that do not contain 
dead time; i.e., the transfer function models must be ratios of polynomials in the 
numerator and denominator. To meet this requirement, the dead time in a transfer 
function model ( e ~ 9s ) must be replaced by an approximation. One straightforward 
approach would be to expand the dead time in a Taylor series. However, better 
approximations are available using the Pad 6 approximations (Truxal, 1955). The 
first-order Pad 6 approximation is given in the following: 


Pad 6 Dead Time 
Approximations 


Pad£ approximation: 


1 - ( 0 / 2 )s 
1 + ( 0/2 )s 


(D.13) 


As an example, the Pad 6 approximation is applied to the simple first-order- 
with-dead-time transfer function model. 

T(^) 1 ,0e~ 5s 

Exact model: —— = G(s) = —-- (D.14) 

X (^) 5$ +1 

An approximate model without the exponential term can be determined by substi¬ 
tuting the Padd approximation for the dead time to yield the following: 

* ■ . ,, TO 1.0 (1 — 2.5s) /r , 1CN 

Approximate model: —— = G(s) = ■ — (D.15) 

X\S) 5s t 1 (1 t“ xL.5sj 

The dynamic responses for the exact and approximate models are now compared. 
The time-domain responses of the output, Y, to a step in the input variable, X, are 
given in Figure D.l for both the exact and approximate models. The Padd model 




FIGURE D.l 


Step responses of exact first-order-with-dead-time model (solid) and 
first-order-with-Pade-approximation model (dashed). 
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shows an approximate delay, but it experiences an inverse response not present in 
the output of the exact model. 
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This appendix presents a procedure for determining the tuning constants for feed¬ 
back controllers that satisfy robust, time-domain performance specifications. The 
specifications involve the behavior of the controlled and manipulated variables 
and include measurement noise and variable process dynamics, as defined in Ta¬ 
ble 9.1. Because the goals are formulated to minimize the controlled-variable IAE 
subject to limitation on the manipulated-variable values, the tuning constants are 
determined using optimization principles. It is not possible to derive analytical 
expressions relating the tuning constants to the IAE and manipulated-variable 
transient response; therefore, the control system performance is determined by 
numerical solution of the model, and the best tuning values are determined using 
an optimization method. 

E.1 □ SIMULATION OF THE CONTROLLED SYSTEM 
TRANSIENT RESPONSE 

The single-loop control system considered in this appendix is shown in Fig¬ 
ure E.l. The real system consists of elements that are continuous and cannot be 
solved analytically. As an approximation, the closed-loop transient is determined 
by numerical solution of the equations that define the system. As discussed in 
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CV(s) = controlled variable G p (s) = process, valve, and sensor 

D(s) = disturbance G d (s) = disturbance 

E(s) = error G c (s) = controller 

MV(s) = manipulated variable 
N(s) = noise 
SP(s) = set point 

FIGURE E.1 

Block diagram of the feedback control system. 


Chapter 3, this approach can provide a set of points very close to the exact tran¬ 
sient response—certainly accurate enough for use in the optimization approach. 

The model for the feedback process is assumed to be first-order with dead time. 
As discussed in Appendix F and Section 6.4, this model can be approximated by 
the following algebraic equation at each time step: 

(CVfb)„ = K p ( 1 - «" A,/r )MV„_r-i + e~ At/z (CV(b) n -\ (E.l) 

The dead time is simulated by a delay, T = 0/At. In equation (E.l) the dead 
time must be an integer multiple of At, but advanced modelling methods using 
modified z-transforms enable modelling of systems with noninteger dead times 
(Ogata, 1987). The model for the effect of the disturbance on the controlled variable 
is first-order. 

(CV d )„ = K d ( 1 - e~ A,/TD )D n . ! + e- A,/TD (CV d )n-i (E.2) 

The noise, (CV W )„, is based on a random perturbation passed through a dynamic 
process (Ciancone, 1990). It has a standard deviation, a N . The measured value of 
the controlled variable is the sum of the three effects. 

CV„ = (CVfb),, + (CV d ) n + (CV N ) n (E.3) 

These equations determine the behavior of the controlled variable given the manip¬ 
ulated and disturbance variables. The disturbance D is a step for the disturbance 
response cases and zero for the set point cases, and the set point is constant for 
disturbance response cases and a step for set point response cases. 

The manipulated variable is determined by the feedback controller. The digital 
form of the PID controller is explained in Section 11.4 and repeated here: 

r a t CSP — CV 1 

MV„ = MV„_, + K e I (SP„ - CV„) - (SP„_i - CV„_i) + n - -- 

+X;(-CV n + 2CV «-1 - CV «-2) 

At 

(E.4) 

Equations (E.l) through (E.4) are solved at each time step from an initial steady 
state to a final time of about 6(0 + r), which is sufficient to reach essentially 





the final steady state for a well-tuned system. The process equations and digital 
controller are executed at a frequency that gives At/(9 + r) = 0.1, which is 
sufficient to approximate the continuous system closely although not exactly. By 
this method, the transient is evaluated for any set of tuning constants. 
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E.2 □ OPTIMIZATION OF THE TUNING CONSTANTS 


The “best” values of the tuning constants are those that satisfy the performance 
goals. One goal requires that the integral of the controlled variable deviation, 
measured as IAE, be minimum. The IAE can be approximated using the discrete 
samples of the transient response as 


IAE 


/>oo M 

= |SP - CV| dt^Y l sp « - cv « I A ' 
J ° 


(E.5) 


with M the number of points in the transient. The second goal requires that model 
error be considered to ensure a reasonable amount of robustness. The approach used 
here is to evaluate the entire transient responses for three feedback control systems 
with different process models, each with the same controller tuning constants. 
Thus, the measure of the controlled-variable performance is modified to be 


E IAE ‘ = 


1=1 



|SP„ — CV„| Af 


(E.6) 


To include a range of process dynamics, the model parameters all change in a corre¬ 
lated manner as 75%, 100%, and +125% of their nominal values. This corresponds 
to changes in the feed flow rate in the example process in Figure 9.1. 

The third performance goal places a limitation on the variation of the manip¬ 
ulated variable. Here, the manipulated variable is restricted in the extent to which 
it may exceed its final steady-state value; the final value (with no measurement 
noise) would be —A D/K p or ASP/K p for disturbance or set point response, 
respectively. The region of allowable values for the manipulated variable is large 
during the initial part of the transient and becomes smaller as the final steady state is 
reached to prevent excessive oscillations. The final variability is nonzero, because 
higher-frequency noise in the controlled variable is propagated to cause (undesir¬ 
able but unavoidable) variation in the manipulated variable. Thus, this third goal 
also includes a bound on the variability of the manipulated variable because of the 
measurement noise N, which is apparent at the end of the transient response. The 
equations for the manipulated-variable bound select the least limiting, 



(MV„), < 


(MV m ) 2 < 


-AD 

K n 


+ (AMV max ) 


-AD 

K n 




(MV„) min = rnin[(MV„),, (MV„) 2 ] 
(MV„) min < MV„ 



(E.7) 


with time Jmv measured from the initiation of the input step. The term AD is 
replaced with —ASP for a set point change. Several parameters in this equation 
are related to the dynamic response of the process. Other parameters are fixed 
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at reasonable values selected by the author to suit the widest range of industrial 
process applications, as given in Table E.l. Naturally, this definition will not be 
appropriate for all systems, but it should provide good starting values for the tuning 
of many feedback systems. 

Some values of the tuning constants will result in manipulated-variable values 
that violate the constraints defined in equation (E.7). These values will be consid¬ 
ered invalid because of the violation and will not be acceptable, even if they result 
in a low value for £IAE. Only tuning constant values that result in the constraints 
in equation (E.7) being satisfied for the entire transient response will be considered 
when minimizing £IAE. This mathematical problem is of the general class of non¬ 
linear, constrained optimization. Determining the best tuning consistent with the 
goals is conceptually straightforward; the engineer could perform many simula¬ 
tions and, by trial and error, eventually find the best values of the tuning constants. 
However, the trial-and-error approach would be very time-consuming and require 
excessive calculations. The approach taken here was to formulate equations (E.l) 
through (E.7) for all time steps and solve them simultaneously using a method 
which employs intermediate results to direct the search efficiently toward the best 
values of the tuning constants (Ciancone, 1990). 

The transient responses in Figure E.2 a through c show the results of the op¬ 
timization for one value of the fraction dead time, the nominal 0/(0 + t) = 0.3. 


TABLE E.1 

Parameters used in tuning optimization 


Factor 

Symbol 

Value 

Comment 

Measurement noise 

o N 

0.55% of scale 

±4 o N = ±2.2% of scale 

Maximum change in MV 

AMV max 

2.7 

This allows 170% maximum 
overshoot at r MV = 0 and decreases 
rapidly as time increases 

Tune the time dependence 
for the allowable change 
in MV 

A 

1.5 

This value reduces the allowable 
variation rapidly as time increases, 
damping the response 

Allowable variation in MV 
at steady state, i.e., end of 

Omv 

2.5% of range 

This is approximately 4 a N , the noise 
propagated via the proportional 

transient 



mode with K C K P — 1.0 

Disturbance time constant 

Td = r 

Depends on 
case 

The disturbance time constant is the 
nominal feedback time constant 

Input step magnitude 

-ASP or A D 
(K d = 1) 

10% of scale 

Should be larger than measurement 
noise and must be of the sign shown 
for the sign conventions in this 
appendix 

Model error 


25% of each 
parameter 

The errors are due to a change in 
operating conditions in a nonlinear 
process and thus are correlated (all 
increase or decrease concurrently) 

Execution period 

At 

0.1(0 4- r) 

Relatively small compared with 
feedback process 



Manipulated flow Concentration 


The “optimal” tuning for this case is K P K C = 1.4, 77/(0 + r) = 0.7, and 
Td/(0 + r) = 0.02, using the model parameters from the nominal case. The 
transient responses for the three cases, nominal (perfect) model and imismatch. 



Optimization of the 
Tuning Constants 




FIGURE E.2 

Transient response for 0/(0 + t) = 0.3: (a) 75% of nominal feedback model parameters (high flow); (b) 100% 
of nominal feedback model parameters (nominal flow); (c) 125% of nominal feedback parameters (low flow). 
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demonstrate the importance of explicitly considering model error. Note that the 
feedback control is not too aggressive for the nominal case and is quite slow for 
the 75% case. However, the 125% case involving a slower process dynamics and a 
higher feedback process gain (i.e., smaller feed flow in the example process) is at 
the limit of the allowable manipulated-variable variation and exhibits oscillatory 
behavior. Thus, making the tuning more aggressive would result in unacceptable 
behavior for process dynamics for the 125% case, which is considered to occur 
often in this problem definition. Thus, all three goals are relevant in determining 
the best initial controller tuning. Finally, model errors larger than anticipated in the 
definition could cause closed-loop behavior deemed unacceptable; this situation 
would be rectified during fine tuning. 
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Discrete Models 

for Digital 
Control 


APPENDIX 


The chemical processes considered in this book involve continuous variables and 
can be modelled using algebraic and differential equations. Also, the control cal¬ 
culations have been introduced as equations involving continuous variables, which 
can be implemented using electronic or pneumatic analog calculating equipment. 
When all elements in the feedback loop are continuous, the system can be described 
using transfer (unctions involving Laplace transforms: this allows powerful anal¬ 
ysis tools to be applied in determining the stability and performance of control 
systems. However, most control calculations are now implemented using digital 
computers, which introduce discrete equations in the control system. If the digital 
calculations are executed rapidly compared with the process dynamics, the anal¬ 
ysis of continuous systems provides an accurate approximation of the dynamic 
behavior. 

Because the controller is implemented in digital form, it is important that the 
engineer understand the digital forms of the models and control calculations used 
in this book. The major applications of digital calculations are summarized below. 

Chapter 3: numerical solutions ot differential equations using Euler or Runge- 
Kutta methods 

Chapter 6: least squares fitting of parameters in dynamic models 
Chapter 11: digital formulation of the P1D controller 
Chapter 12: implementation issues for digital control 
Chapter 15: lead/lag elements for feedforward control 
Chapter 19: digital formulation ot the model predictive controller 
Chapter 21: decoupling of multiple PID controllers 
Chapter 23: dynamic matrix control 
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The material in Chapters 11. 12. and 23 is self-contained and will not be repeated 
here. The topics covered in this appendix involve the discrete forms of simple 
models used in process control. The process models will be represented using X 
as the input (cause) and Y as the output (effect). The current sampled value of a 
variable will be designated by the subscript n. the previous value by n — 1, and so 
forth, with the sample period being constant at At. 

F.1 ■ GAIN 

The output of a gain is simply calculated as a proportion K of the input: 

Y„ = KX„ (F.l) 


F.2 ■ DEAD TIME 

Dead time is simulated as a delay table of length T. which is an integer equal to 
0/At. At each time step, the model is executed by moving the past values to the 
location representing the next oldest value: the oldest value is discarded, and the 
previous value is placed in the table in the location of the most recent value. This 
calculation is summarized in Table F. 1 with a delay table of length 4 (e.g., a dead 
time of 2 units of time and a sample period of 0.5), for eight time steps. The input 
is a pulse with a duration of two time steps. 

This approach is simple to program and prevents the need to store all past 
data, because the table needs to store data for only the length of the dead time. 
More computationally efficient implementations move only one data point each 
execution and use an additional variable (pointer) to indicate the position of the 
oldest data in the table. 

F.3 ■ FIRST-ORDER SYSTEM 

Material and energy balances yield first-order differential equations, and the most 
common model is first-order with dead time. Thus, the first-order models are used 
frequently. 

dY 

t— = KX-Y (F.2) 

dt 

The continuous model can be expressed as a discrete model by assuming that 
the input is constant at the value of X n - { over the period to t„ (or 0.0 to 


TABLE F.l 

Example delay table for simulating dead time 


Sample number, n 

1 

2 

3 

4 

5 

6 

7 

8 

Input, X n 

0 

1 

1 

0 

0 

0 

0 

0 

Table entry 1 , X„ _i (most recent) 

0 

0 

1 

1 

0 

0 

0 

0 

Table entry 2, X„- 2 

0 

0 

0 

1 

1 

0 

0 

0 

Table entry 3, X„- 3 

0 

0 

0 

0 

1 

1 

0 

0 

Table entry 4, X„_ 4 (oldest) 

0 

0 

0 

0 

0 

1 

1 

0 

Output, Y n = X,_ 4 

0 

0 

0 

0 

0 

1 

1 

0 






At). Then, integration of the differential equation from the initial condition y„_i 
can be performed to determine the value at Y n . The solution can be determined 
using the integrating factor or Laplace transform; here the Laplace transform is 
demonstrated. 
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Lead/Lag 


- T Yn—\ = KX(s) - T(s) 

y (s) = £M + ^- 


(F.3) 

TS + 1 ' TS + 1 ^ F ' 4 ^ 

Note that Y(t„- 1 ) = y„_j. The input is evaluated as X n -\/s, and the inverse 
transform can be taken to give 

Y„ = K( 1 - e~ A, / r )X n -\ + e~ A, / T Y n -\ (F.5) 


Equation (F.5) gives exact sampled values if the process is truly first-order and the 
input is constant over the period. If the input changes during the period, then the 
use of X„_i as a constant results in an approximation. An alternative, approximate 
model can be derived by approximating the derivative as a difference, dY/dt & 
(y„+ 1 — Y n )/At. This results in 

Y n = K X„_, + (l ~ 7 ^) Yn -i (F. 6 ) 

Equations (F.5) and (F. 6 ) give very similar results when the sample period is small 
compared with the time constant. For example, when At/x = 0.05, e~ A,/T = 
0.951 and (1 — Ar/r) = 0.95. 

These discrete models can be used to represent a process and to implement a 
first-order filter, as described in Chapter 12. Also, the gain, dead time, and first- 
order discrete models can be combined to give for first-order with dead time: 

Y„ = <T A ' /T y„-. + K(1 - e- A, ' r )X n - r -i (F.7) 


Equation (F.7) is employed when using least squares to determine the values of 
the model parameters from discrete (sampled), empirical input-output data; it is 
also used as the prediction model in the IMC and Smith predictor model predictive 
control systems. 


F.4 B LEAD/LAG 


The final discrete control calculation in this appendix is the lead/lag algorithm, 
which is as follows for a continuous system: 


Y(s) = 5^±{x(s) (F. 8 ) 

T ig s + 1 

A straightforward manner for developing an approximate discrete lead/lag is to 
replace each “derivative," which is the product of the Laplace variable s and a 
variable, with its finite difference approximation. This gives 


T\ 


g 




This can be rearranged to give 


Y n = 


( Zk 

At 


vS + 1 


Y n -1 + 


A + i 

A t _ 

At 


X n ~ 


7jd 

At 


Zk + i 

At 


X n - 


(F.9) 


l 


(F.10) 
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Equation (F.10) is used in feedforward controllers, as described in Chapter 15, and 
decouplers (another form of feedforward), as described in Chapter 21; it is also 
used for the combined IMC filter and controller, G/(s)G cp (s), for a controller 
whose model has an invertible process factor that is first-order and with a filter 
that is first-order. 

The discrete models of dynamic systems are in the form of difference equa¬ 
tions, in which the current values of a variable can be expressed as a function of 
the last few values of the output and the input(s). In this appendix the difference 
equations have been formulated to calculate the nth sampled value. Any equation 
of this form can be modified to calculate, for example, the (n+l)th value. This can 
be done by substituting n — 1 = m in the expressions; the result for the first-order 
system is 

Y m+l = K( 1 - e~*' /r )X m + e~* l/r Y m (F.l 1) 

Equations (F.5) and (F.l 1) are equivalent, and both formulations are commonly 
used, so the reader should be acquainted with both. 


Guide 
to Selected 
Process 
Examples 


Because of the strong interplay between process dynamics and control perfor¬ 
mance, examples should begin with process equipment and operating conditions. 
To this end, several process examples are introduced in the beginning chapters 
and used in many subsequent worked examples and questions. This approach has 
three advantages. First, the performance of different control approaches (e.g., tun¬ 
ing or control algorithm) can be evaluated on the same processes, allowing clear 
comparisons of competing methods. Second, the reader can concentrate on the 
learning objective applied to a familiar process. A final advantage is the reduction 
in the size of the book, since each example takes considerable space to introduce 
completely. 

Since the reader may want to review the control approaches applied to a 
process, this guide is provided. Major worked examples and questions involving 
the most important processes are summarized in the tables. The symbols used in 
the tables are Ex for a worked example, Q for a question at the end of a chapter, 
S for a chapter section, F for a figure, and T for a table; as elsewhere, the number 
(or letter) before the period indicates the chapter (or appendix). 

G.1 □ HEAT EXCHANGER 

This is a simple model of a heat exchanger. Since the process fluid side is well 
mixed and the utility side is at quasi-steady state, the basic model is first-order, 
which allows some analytical solutions to be determined. See Table G.l. 
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TABLE G.1 
Heat exchanger 



Key issue addressed 


Key issue addressed 

Q 1.9 

Possibility for feedback control 

F 14.2 

Cascade control 

F 3.9 

Process schematic 

F 15.5 

Feedforward control 

F 3.10 

Linearization 

Q 15.2 

Cascade and feedforward control 

Ex 3.7 

Derive balances and linearized 

F 16.9 

Valve characteristic 


approximation 

Q 19.6 

IMC controller design 

Q 5.1 

Multiple input changes 

Ex 1.1 

Exchange with bypass 

Q 5.2 

Jacketed heat exhanger 

Q 1.1 

Exchange with bypass 

Ex 8.5 

Analytical solution for 

Q 1.2 

Exchange with bypass 


proportional-integral 

ExL.8 

Discrete model 


feedback system 

ExL.9 

Stability with digital PI 

Ex 13.13 

Process design for good 
performance 

Ex L.11 

Dynamics with digital PI 


G.2 □ THREE-TANK MIXING PROCESS 

The most often used process example is the three-tank mixing process. An impor¬ 
tant aspect of the process is its simplicity, allowing the reader to easily relate the 
design and operating parameters to its dynamic behavior. However, the process 
has been selected to elucidate many important factors in process control systems. 
This process is third-order and can be made unstable with a proportional-only con¬ 
troller; is mildly nonlinear and can show the acceptable range of linearization; does 
not conform to the first-order-with-dead-time model and can show the effects of 
structural errors in a model; and has dynamics that depend on operating conditions 
and can demonstrate the use of adaptive retuning. 

In addition to those listed in Table G.2, the following topics address closely 
associated series of tanks: Q 15.2 on multitank heat transfer and Q 21.13 on loop 
pairing. 

G.3 □ NONISOTHERMAL STIRRED-TANK CHEMICAL 
REACTOR (CSTR) 

The nonisothermal CSTR is an important industrial process that introduces the 
opportunity for a diverse range of process dynamics. This example involves only a 
single, exothermic chemical reaction and can have stable over- and underdamped 
steady states as well as a locally unstable steady state(s). Also, important in the 
presentation control technology is the opportunity to investigate different pairings 
of manipulated and controlled variables in a multiloop control system. 

The final sections in Table G.3 refer to Appendix C, which introduces some 
advanced topics in reactor dynamics and control. 

G.4 □ TWO-PRODUCT DISTILLATION COLUMN 

The previous processes were of low order, so they could be represented by a 
few differential equations. In addition to being an important industrial process, 



distillation is a high-order system whose linearized fundamental models are not 
normally analyzed. Also, the dynamic model formulation using the generalized 
tray concept is a worthwhile reinforcement to similar approaches covered in steady- 
state modelling. With two controlled compositions, the process offers a challenging 
two input-two output control system, when the control of pressure and levels is 
assumed. With no prior assumptions, the control design of a five input-five output 
system is a good control design case. To maintain simplicity, the case considered 
involves only binary distillation with constant relative volatility. In Table G.4, the 
cases not conforming to the exact parameters in Example 5.4 are marked with an 
asterisk (*). 

G.5 □ TWO SERIES ISOTHERMAL CONTINUOUS 
STIRRED-TANK REACTORS (CSTR) 

Additional low-order process examples are useful to reinforce principles. A series 
of two isothermal CSTRs is used throughout the book (see Table G.5) to provide 
many of these examples. Only one reaction occurs in each reactor, and the reactions 
are first-order. The model for this process is simple enough to enable the engineer 
to determine the effects of changes in equipment and operating parameters on the 
dynamics of the process and performance of the feedback control system. 
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Two Series Isothermal 
Continuous 
Stirred-Tank Reactors 
(CSTR) 


TABLE G.2 

Three-tank mixing process 

Key issue addressed Key issue addressed 


Ex 6.4 

Process reaction curve 

Ex 7.2 

Introduce the process model 

S 8.4 

Evaluate zero offset for P-only control 

S 8.5 

Evaluate zero offset for l-only control 

S 8.6 

Evaluate zero offset for D-only control 

Q 8.2 

Dynamic simulation 

Q 8.12 

Alternative process structure 

Ex 9.2 

Tuning and performance 

Ex 9.3 

Effect of disturbance time constant on 
closed-loop performance 

Q 9.8 

Dimensional analysis 

Ex 10.5 

Roots of characteristic equation, 
root locus 

Ex 10.10 

Ziegler-Nichols tuning 

Ex 10.18 

Effect of model mismatch on stability 
analysis using Bode 

Q 10.1 

Effect on tuning of changing tank volume 

Q 10.11 

The effect of process and control 
structures on possible dynamic responses 

Q 10.17 

Effect of adding dead time 


Q 11.9a 

Execution period for digital control 

S 13.5 

Effect of model mismatch on closed-loop 
frequency response 

Q 13.1 

Effect of process dynamics on 
performance and tuning 

Q 13.13 

Repeat stability, tuning, and performance 
analysis after process change 

S 16.2 

Effect of flow rate on tuning 

S 16.3 

Gain (tuning) scheduling 

Q 16.1 

Effect of set point on tuning 

Q 16.3 

Ziegler-Nichols tuning 

Ex 19.3 

IMC on third-order process 

Ex 19.4 

IMC on approximate first-order-with-dead- 
time model 

Ex 19.6 

IMC digital implementation and simulation 

Ex 19.7 

IMC tuning correlations 

Ex 19.8 

IMC robustness 

Ex 19.9 

Smith predictor tuning and simulation 

Q 19.2 

IMC tuning schedule 

Q 22.1 

Variable-structure 
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Guide to Selected 


Key issue addressed 


Key issue addressed 

Process Examples 

S 3.6 

Dynamic behavior 

Q 20.11 

Integral controllability, loop 


S 7.3 

Selecting variables 


pairing, and tuning for various 


Q 7.1 

Causal relationship 


sets ofdesign parameters 


Q 7.9 

Evaluate proposed single-loop 

F 22.5 

Variable-structure control, 



feedback control structures 

F 22.6 

signal select 


Q 7.11b 

Operating window 

Ex 24.4 

Dynamic transient exceeding 


Q 8.17 

General behavior under P-only 


steady-state operating window 



and PD control 

SC.1 

Derivation of energy balance 


Q 10.11 

Effect of process and control 

SC.2 

Modelling linearization 



structure on possible dynamic 

SC.3 

Transfer function 



responses 

SC.4 

Possibility of multiple steady 


Q 12.6 

Failure modes 


states and their stability 


Ex 13.12 

Selecting manipulated variable 

SC.5 

Possibility of limit cycles 


Q 13.14 

Control performance 

QC.1 

Modified process model 


Ex 14.7 

Cascade design 

QC.2 

Transfer function 


Q 14.11 

Cascade design 

QC.3 

Frequency response 


Q 20.2 

The effect of AH™ on multiloop 

QC.4 

Empirical identification 


HHMBK 

stability and dynamic response 

^ N 



TABLE G.4 

Two-product distillation column 


✓ 


Key issue addressed 


Key issue addressed 

Q 2.8* 

Effect of distribution on profit 

Ex 21.3 

Effect of disturbance type on 

Q 2.9* 

Effect of distribution on profit 


multiloop control performance 

S 5.6 

Model development 

Ex 21.6 

Relative gain and loop pairings 

Ex 5.4 

Simulated dynamic response 

Ex 21.9 

Match tuning with performance 

Q 6.10 

Process reaction curve 


goals 

Q 14.6* 

Cascade control 

Ex 21.10 

Decoupling, perfect and with 

Ex 15.7* 

Feedforward control 


model errors 

S 17.5* 

Inferential tray temperature 

Q 21.1* 

Tuning, loop pairing, 

Ex 20.2 

Linearized model 


performance and decoupling 

Ex 20.4 

Operating window 

Q21.8* 

Tuning, loop pairing, 

Ex 20.5 

Evaluation of controllability 


performance and decoupling 

Ex 20.7 

Effect of interaction on the 

Q 21.11* 

Control loop pairing 


changes in manipulated variable 

Ex 23.1 

Complexity of analytical inverse 

Q 20.9* 

Controllability, interaction, tuning 

Ex 23.6 

DMC control 

Q 20.15* 

Controllability, interaction, tuning 

Ex 23.8 

QDMC control 

Ex 21.2 

Effect of control structure on mul¬ 
tiloop control performance 

Appendix J 

Control Design 




G.6 □ HEAT EXCHANGE AND FLASH DRUM 
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A flash drum at controlled pressure and temperature is a simple method for effecting 
a physical separation of components with different vapor pressures. This process 
provides the opportunity to evaluate inferential control and pair loops for dynamic 
performance. See Table G.6. 


Heat Exchange and 
Flash Drum 


TABLE G.5 

Two isothermal CSTRs 



Key issue addressed 


Key issue addressed 

Ex 3.3 

Derive process model and evaluate a 
step response 

Q 9.10 

Effect of changing temperature 
on tuning 

Q 3.14 

Pulse response 

Ex 10.4 

Roots of closed-loop characteristic 

Ex 4.6 

Solve step response using Laplace 


equation (modified process) 


transforms (slightly modified model) 

Ex 10.8 

Repeat Ex 10.4 with additional dead 

Ex 4.8 

Stability 


time 

Ex 4.9 

Derive the transfer function 

Q 10.11 

Effect of process and control structure 

Ex 4.11 

Damping 


on possible dynamic responses 

Ex 4.12 

Block diagram 

Ex 13.8 

Effect of inverse response on control 

Ex 4.16 

Frequency response 


performance 

Q 4.1 

Emergency response 

Q 13.18 

Effect of an alternative manipulated 

Q 4.7 

Modified inputs 


variable on control performance 

Q 4.16 

Derive model and dynamic response 
for a different input variable 

Q 15.11 

Effect of dynamics on feedforward- 
feedback control 

Q 5.4 

Four series reactors 

Q 21.10 

Multiloop control 

Q 7.3 

Causal relationship 

Ex 1.2 

Model with solvent flow adjusted 

Q 7.11c 

Operating window 

Q 1.3 

Model with F A adjusted 

Q 8.15 

Loop behavior 

Q 1.4 

Control design 


TABLE G.6 


Heat exchange and flash drum 



Key issue addressed 


Key issue addressed 

Q 1.6 

Control system components 

Ex 24.5 

Degrees of freedom 

S 2.2 

Control objectives 

Ex 24.6 

Controllability 

S 17.2 

Inferential variable evaluation 

Ex 24.7 

Operating window 

Q 17.2 

Model analysis 

Ex 24.8 

Loop pairing 

Q 17.12 

Controllability 

Ex 24.9 

Algorithm selection and tuning 

Q 21.5 

Loop pairing 

Ex 24.10 

Control for safety 

T 24.1 

Control design form (CDF) 

Ex 24.11 

Process monitoring 

Ex 24.1 

Sensors 

Ex 24.12 

Dynamic performance 

Ex 24.2 

Control objectives 

Q 24.22 

Partial control 

Ex 24.3 

Final elements 




Partial 
Fractions 
and Frequency 

Response 



Dynamic models involve differential equations that are best analyzed using Laplace 
transform methods. In Chapter 4, the partial fraction method was introduced as a 
way to invert Laplace transforms, and, more importantly, to establish a basis for 
determining key system properties like stability and frequency response directly 
from the transfer function. The methods were explained in Chapters 4 and 10 and 
applied throughout subsequent chapters. The proofs of the methods are provided 
in this appendix. 

H.1 □ PARTIAL FRACTIONS 

The Laplace transform method for solving differential equations could be limited 
by the availability of entries in Table 4.1, and with so few entries, it would seem 
that most models could not be solved. However, many complex Laplace transforms 
can be expressed as a linear combination of a few simple transforms through the 
use of partial fraction expansion. Once the Laplace transform can be expressed 
as a sum of simpler elements, each can be inverted individually using the entries 
in Table 4.1, thus greatly increasing the number of differential equations, that can 
be solved. More importantly, the application of partial fractions provides gener¬ 
alizations about the forms of solutions to a wide range of differential equation 
models, and these generalizations enable us to establish important characteristics 
about a system’s time-domain behavior without determining the complete transient 
solution. 

The partial fraction expansion can be applied to a Laplace transform that can 
be expressed as a ratio of polynomials in s. This does not pose a severe limitation, 
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since many models have the form given below for a specified input, X(^). 


D(s)Y(s ) = F(s)X(s ) = N(s) 


Y(s) = 


N(s) 

D(s) 


(H.l) 


where Y(s) = Laplace transform of the output variable 
X (s) = Laplace transform of the input variable 
F(s) = Laplace transform of the function F(t)\ 

F(s)X(s) is the forcing function 
N(s) = numerator polynomial in s of order m 
D(s) = denominator polynomial in s of order n, 
termed the characteristic polynomial 

The partial fractions method requires that the order of the denominator be greater 
than the order of the numerator, i.e., n > m; models encountered in process control 
will satisfy this requirement. 

The Laplace transform in equation (H.l) can be expanded into an equivalent 
expression with simpler individual terms by the application of partial fractions. 


Partial Fractions 



W(£) 

DCs) 


= _£_ + _^ + ... 

Htis) T H 2 (s) t 


Y(t) = C,£-‘ 



+ C 2 £-‘ 



(H.2) 

(H.3) 


The Ci are constants and the H t (s) are low-order terms in s which represent the 
factors of the characteristic polynomial, D(s ) =0. 


Initially, the C, ’s are unknowns in equation (H.2) and must be determined so that 
the equation is satisfied. There are several ways to determine the constants, and 
the partial fraction expansions and the resulting Heaviside expansion formula are 
presented here for three types of factors of the characteristic polynomial; distinct, 
repeated, and complex. 


DISTINCT FACTORS. If the characteristic polynomial has a distinct root at 
a, the ratio of polynomials can be factored into 


Y(s) = 


N(s) 

D(s) 


Mjs _) 
s — a 


C 

-+ Ri.s) 

s —a 


(H.4) 


with R(s) being the remainder. After multiplying equation (H.4) by (s — a) and 
setting s = a [resulting in the term (s - a)H(s) being zero], the constant can be 
determined to be M (a) = C. This approach is performed individually for each 
distinct root, and the function of time, Y(t ), is the sum of the inverse Laplace 
transforms of all individual factors. The expression for distinct factors can be 
summarized in the following Heaviside expansion which is a generalization of the 




technique just explained (Churchill, 1972). 
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a f(sy 

W J( 


n distinct \ 
factors / 



,«,i 

I 1-W \ I ^ 


d D(s) 


ds 

s=otj 


(H.5) 


Partial Fractions 


REPEATED FACTORS. A similar partial factor expansion can be applied for 
“n + 1” repeated factors, i.e., identical, real roots of the characteristic polynomial 
[£)($)], as shown below. 


N(s) Mis ) _ C, C 2 C n+ , 

D(s ) (s — a)" +l s — a (s — a) 2 (s—a)' l+l 

The coefficients can be determined sequentially by 


+ R(s) 
(H.6) 


1. Multiplying equation (H.6) by (5 — a)" +l and setting s = a (determining 
C/1+1) 

2. Multiplying equation (H.6) by (s - ce)" +l , taking the first derivative with 
respect to s, and setting s = a (determining C„) 

3. Continuing this procedure (with higher derivatives) until all coefficients have 
been evaluated 


The time-domain function for a repeated factor can be expressed as (Churchill, 
1972) 





repeated 

factor 


1 

~n\ 




where M(s) is defined in equation (H.6). 


(H.7) 


COMPLEX FACTORS. The final possibility for the factor involves complex 
factors, and the analysis for a distinct, complex factor is given for the system shown 
below. 

K( 5 ) = - - + R(s ) with a and c 0 real (H.8) 

D(s) (s — a) 2 + a) 2 

The complex roots can be expressed as two distinct roots a a ± a>j, so that by 
applying equation (H.2) the Laplace transform and its inverse can be expressed as 


N(s) = M, (5) + M 2 ( s ) + 

D(s) s—a + coj s — a — coj 

Y (r) complex = + [M 2 {s)} s=a+b}j e (a+ ^' 


(H.9) 

(H.10) 


The coefficients in equation (H.10) are complex conjugates and can be expressed 
as Mi (+a - coj) = (A + Bj) and M 2 (+a + coj) = (A — Bj), respectively. These 
expressions can be substituted into equation (H.10) to give 


Y(t)comptex = (A + Bj)e {a ~ wi)1 + (A - Bj)e (a+aJ) ' 

factor 

= e 0 "[A(e jM + e-**) + jB(e~> M - <?>')] 


(H.l 1) 
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Equation (H. 11) can be modified to eliminate the complex terms by using the Euler 
relationships. 

Joil 4 . e -jait 

cos (a>t) = -——-> 2 cos (cot) = e JWI + e~J M (H. 12) 

pjat _ e -jo>t 

sin (cot) = ---f-► 2 sin (<ot) = j (e~^' - e> M ) (H. 13) 

^J 

The resulting expression can be used to evaluate the inverse term for a complex 
conjugate pair of roots of the characteristic polynomial 

Y(t) complex = 2 e a, [A cos (cot) + B sin(atf)] (H.14) 

factor 

The proof of an alternative formulation, along with expressions for repeated com¬ 
plex factors, is available in Churchill (1972). 

The application of partial fractions is demonstrated in the following example 
that includes real and complex roots of the denominator. 

EXAMPLE H.l. 

For the CSTR modelled in Appendix C, Section C.2, evaluate the inverse Laplace 
transform of the reactor temperature for a step change in the coolant flow rate. 

The original model involved two nonlinear differential equations for the com¬ 
ponent material and energy balances which were linearized and expressed in 
deviation variables; these equations are repeated below. 

dC' 

~T~ = °iiCa + anT' + a\ 2 C' M + a\ A F' c + 0 i 5 r o ' + a\(,F' (C.11) 

at 

dV 

—— = ai\C' h + 022 T' + O23 C^o + 024 F' c + 025 Tq + 026 F' (C-12) 

at 

In this example, the only input variable which changes is the coolant flow which 
experiences a step, so that C^o^) = T 0 '(s) = F'(s) = 0. The Laplace transforms of 
equations (C.11) and (C.12) can be taken to give 

sC' A (s) = a u C' A (s) +a ]2 T'(s) + a u F^s) (H.15) 

sT'(s) = a 2l C' A (s) + a 22 r(s) + a 24 F^(s) (H.16) 


Equations (H.15) and (H.16) can be combined algebraically. First, equation (H.15) 
is rearranged to solve for c;,(s) = oi 2 r'(.s)/(s -a n ), since oj 4 = 0; this term is then 
substituted into equation (H.16) to give 


T'(s) = 


_ 024 -? + (021014 ~ 024011 ) _ 

S 2 ~ (011 + 022)5 + (0 n 0 2 2 ~ 012«2l) 


^( 5 ) 


(H.l 7) 


When the numerical values are substituted into equation (H.l7) using the CSTR 
data in Section C.2, the result is 


F’(s) = -1/s o n = -7.55 o, 2 = -0.0931 a, 4 = 0.0 

021 = 852.02 022 = 5.77 02 4 = —6.07 


(-l)[-6.07(s) - 45.83] 
s(s 2 + 1.79s + 35.80) 


(H.l 8) 


Partial fraction expansion requires the roots of the characteristic polynomial, which 
are -0.894 ± 5.92 j and 0.0; thus, two factors are complex. The inverse transform 
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for the complex factors can be determined by using equations (H.11) and (H.14) 
with A = -0.64, B = 0.42, a = -0.894, and co = 5.94. 


($) | s~ci — 


U>] 




(—1)(—6.07$ — 45.83) 
($ +0.894-5.92./)($)J 


= —0.64 + 0.42 j 


s=-0.894-5.92; 


no complex = 2e~ o m ' [—0.64 COS(5.920 + 0.42 sin(5.92r)] 

factor 

The single distinct factor can be inverted using equation (H.5). 

'(-1)(-6.07$-45. 


M($)| ; 


*( 

r=0 = - 


^1 =128 

5-80 J j=0 • 


$ 2 + 1.789$ + 35 
T'(r) d i Stinct = 1,28e 0 ' = 1.28 

The complete inverse transform is the sum of the two functions. 


(H.19) 
(H.20) 

(H.21) 

(H.22) 


nr) = 1.28 + 2e~ om ' [-0.64 cos(5.92r) + 0.42 sin(5.92r)] (H.23) 

The solution to the linear approximation in equation (H.23) is a damped oscillation. 
This underdamped behavior did not occur in the simple processes modelled in 
Chapters 3 and 4. A comparison of the solutions to the linearized and nonlinear 
equations in Figure H.1 shows how the linearized model represents the essential 
characteristics of the true process response. Naturally, the accuracy of the lin¬ 
ear approximation depends on the size of the input change, with the accuracy 
improving as the input magnitude decreases. 


Partial Fractions 



Linearized and nonlinear responses for a step of —1 m 3 /min in coolant flow 

at t *s 1 min for the CSTR in Example H.1. 
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Frequency response is defined as the output variable behavior resulting from a sine 
input variation after short-term transients become negligible. Frequency response 
is important in determining the stability and control performance of linear dynamic 
systems, and it is used extensively in process control. The simplified method for 
evaluating the frequency response used in process control involves determining the 
amplitude ratio and phase angle from the transfer function with s — taj\ the proof 
for this method is presented in this section. We begin with a general expression 
for the frequency response; the following equation gives output Y (s) of a linear 
system with a transfer function G(s) and a sine input forcing X (s) with magnitude 
A and frequency a>. 

Y (s) = G(s)X(s) = G(s)A- t (H.24) 

The transfer function is assumed to be a ratio of polynomials, so that the solution 
can be analyzed using a partial fractions expansion of the right-hand side of equa¬ 
tion (H.24), as explained in the previous section. The general form of the solution 
to equation (H.24) can be determined by accounting for all poles (roots of the 
denominator) whether real distinct, real repeated, or complex. 

Y(t) = A\e aX ‘ + • • • + (B, + B 2 t + B 3 t 2 + • • •) 

, (H.25) 

+ [Ci cos (aa) + C 2 sin(cu/)]e" 9 + ••• + £, e~ JM + D 2 e }w ' 


The final two terms in equation (H.25) account the additional poles from the sine 
input. All but the last two terms tend toward zero as time increases, as long as the 
system is stable, i.e., Re(or,) < 0 for all i. Thus, only the last two terms in equation 
(H.25) affect the output behavior after a long time, i.e., which is the definition of 
the frequency response. The constants for the last two terms can be evaluated using 
the partial fractions method for distinct roots, a\ = —jco and ot 2 = + jco. 


D x = 


£>2 = 


[g(s) 
| ~G{s) 


Aco I 

( s ~ »!=-> 
Aco I 

(s + jo))\ s=+jw 


— G(s) U=— j<o _2 j 

^4 

= G(s) -\-2j 


= —A 


G(-je>) 
2 j 


= A 


Gjjco) 
+2 j 


(H.26) 

(H.27) 


Since only these terms affect the long-time behavior, the output can be expressed 
as (with the subscript FR for the frequency response) 


Ym(0 = -^jG(-jco)e-J M + A, G (ja>)e j<0 ' (H.28) 

Any transfer function, which involves complex numbers, can be expressed in polar 
form using 


G(jco) = \G(ja>)\eM with 0 = LG(jco) = tan" 1 { } (H.29) 

Equation (H.28) can be expressed in polar form using equation (H.29) to give 


*fr(0 = ~\G{(oj)\e- (o>,+ W + ^j\G(o)j)\e {a>l+<t,)j (H.30) 



This result, along with Euler’s identity to convert the exponential expressions to 
a sine, gives the final expression for the frequency response of a general linear 
system. 


Tfr(0 = A | G(jco) | sin(cu/ + 0) = B sinftuf + <p) (H.31) 

Thus, the output variable Y (t) is also a sine with (1) the same frequency w as the 
input, (2) an amplitude B, and (3) a phase shift of <p from the input. The simplified 
method for evaluating the output variable frequency response of a linear dynamic 
system proved in this section is to set the Laplace variable s = (oj in the transfer 
function and evaluate the magnitude and phase, which provide the amplitude ratio 
and phase angle, as summarized below. 


Amplitude ratio = B/A = |G(ay‘)| 

(H.32) 

Phase angle = 4> = LG(cuj) 

(H.33) 


This result proves that an amazing amount of information about the dynamic 
behavior of a linear system can be determined without the effort of evaluating its 
inverse Laplace transform. 

REFERENCE 

Churchill, R., Operational Mathematics, McGraw-Hill, New York, 1972. 




Process 
Examples 
of Parallel 
Systems 



Parallel process systems were introduced in Section 5.4, where a wide range of 
potential process behaviors were demonstrated. An important factor in determining 
the behavior for a specific system was shown to be the numerator, that is not a 
constant but contains the Laplace variable “s.” Setting the numerator term (alone) 
to zero and solving for s provides a method for evaluating the numerator “zero.” 
The possible step response behaviors are summarized below (for a stable system 
with real roots of the characteristic polynomial). 

1. When the zero is negative and larger in magnitude than at least one pole, the 
dynamic step response of the output is an overdamped, S-shaped response. 

2. When the zero is positive, the output experiences an inverse response. 

3. When the zero is negative and smaller in magnitude than all poles, the output 
experiences an overshoot of its final value. 

Importantly, overshoot requires unique controller design and tuning, and inverse 
response can be difficult to control for any feedback controller. Therefore, the 
engineer should understand how the process design and operation causes these 
unique dynamic behaviors. Two process examples are presented in detail in this 
appendix to provide a link between process technology and parallel systems. 

EXAMPLE 1.1. Heat exchanger with bypass. 

Often a process stream must be heated or cooled a variable amount using a 
heat exchanger. A common method for variable heating is a heat exchanger with 
bypass, as shown in Figure 1.1 for a cooler; the bypass provides the parallel struc- 
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FIGURE 1.1 

Heat exchanger with bypass and sensor. 


ture in this example. The flows through the exchanger and through the bypass are 
adjusted while the total process flow is maintained constant. 

The behavior of an industrial shell-and-tube heat exchanger would be difficult 
to model, because it is a distributed-parameter system with complex flow patterns; 
therefore, the system is approximated as a stirred-tank heat exchanger, which 
retains the key properties of the system dynamics, in particular the response of 
the measured temperature signal to a step change in the flow to the exchanger. 

Assumptions. 

1. The same assumptions apply as in Example 3.7. 

2. There is no transportation delay in short pipes. 

3. The total flow (exchanger and bypass) is constant: F r = F„ ch +F by = constant. 

Data. Note that these parameters are not realistic for a shell-and-tube heat ex¬ 
changer, although the dynamic response is reasonable because the increased 
fluid inventory takes the place of the substantial metal capacitance. 

1. To = 100°C; P = 10 6 g/m 3 ; C p = 1 cal/(g°C); UA = 50 x 10 6 cal/(min°C); 
r cin = 60°C; t 3 = 0.5 min; V = 200 m 3 . 

2. Initial steady state: F by = 50 m 3 /min; F exC h = 50 m 3 /min; T\ = 80°C; T 2 = h = 
90°C. 

3. Input change: AT^h = -10 m 3 /min at t = 10 min; consequently, A F by = 
+10 m 3 /min. 

Formulations. The fundamental model of the heat exchanger is the same as 
presented in Example 3.7, except that the feed flow rate, not the cooling medium 
flow, is changed in this example. Thus, model equations for the heat exchanger, 
bypass, and mixing are 

ou 

rji _ FexchT| + F by r 0 F ex ch7) + (Fy — F excb )7o „ ON 

h = —=-—=-=-=- \\'£.) 

Fench + Fby Ft 

The temperature-measuring device is normally protected from contact with the 
process fluid by a metal sleeve called a thermowell, which introduces additional 



dynamic lag due to heat transfer dynamics associated with the thermowell. In this 
example, the thermowell dynamics are assumed to be well modelled by a first- 
order system with a time constant, r s , of 0.50 minutes (which is slower than most 
commercial sensor systems). 

ts^ = T 2 -T 3 (1.3) 


with r 3 the signal from the sensor. These equations can be linearized, expressed in 
deviation variables, and transformed to the Laplace domain to give the individual 
transfer functions. 


T| (s) ^exch 

FexchCO TexdiS "F 1 


(1.4) 


where 


(JozJYtsPCj, Q20 °C 
(F ncb ) sP C p + UA mVmin 


^exch — 

Gfm(s) = 


VpCp 

(F eX ch )sPCp + UA 


— 2.0 min 


Us) (r.-r,), R Q20 °c 

Fexchfa) (^exch H" ^by)x FH^/min 


Gtm(s) = 


TW) 

T\(s) 


^ = x„, = 0.50^ 

(^exch "1“ ^by)s ® /min 


(1.5) 

( 1 . 6 ) 


his) _ 1.0 _ 1.0 

T 2 (s) t, s + 1 0.5 s + I 


(1.7) 


The block diagram for this model is shown in Figure 1.2, in which the parallel 
path is clearly evident, since the variable F exch (j) influences r 2 (s) through two 
paths. Note that for a parallel path to exist, a split must occur in the block diagram. 
The overall transfer function, relating the flow to the exchanger to the measured 
temperature, can be derived from block diagram algebra. 


T 3 (s) = GiCvHGfMfa) + G T M{s)G n (s))F exch (s) 


( 1 . 8 ) 


Tjjs) _ KfM^ _ Fexch Kj^M 

Fexch(s) ^5 + 1 (fexchS + Ofe* + 0 

+ + —0, i (4 s + 1, 

( T exch J + 1 )(Tj5 + 1) (25 + 1)(0.55 + 0 

(1.9) 
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FIGURE 1.2 

Block diagram of exchanger with bypass and sensor. 
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From equation (1.9) we conclude that the poles of the overall system are the poles 
of the individual systems. In this example the system is second-order with real, 
distinct poles at -l/r eX ch and -1/r,; thus, it is stable and is not periodic. 

Due to the parallel structure, the transfer function has a zero in the numerator, 
which for this example is at s = ~(K FM + K exC hK TM )/K FM T acil and is real and 
negative for this example. This zero can significantly affect the dynamic behavior 
of the system; therefore, the response of the system to a step input cannot be 
determined using Figure 5.5, which assumed a constant numerator. The dynamic 
response can be determined by inverting the Laplace transform of T 3 (s) for a step 

In F jxch(^)- 

Solution. By substituting the data in the problem statement into equation (1.9), 
including the step input, F exch (.s) = -10/$, and determining the inverse using entry 
10 in Table 4.1, the following analytical solution for the linear approximation can 
be found: 


Tj(t) = 1.0 - 2.333e~' /05 + 1.333e"' /2 (1.10) 

Results analysis. Dynamic responses are given in Figure 1.3 for the nonlinear 
and approximate linearized models. They both show that the system output, T 3 , 
overshoots and then approaches its final value smoothly. (The occurrence of the 
overshoot depends on the relative magnitudes of the numerator and denominator 
time constants.) The time at which the maximum occurs can be determined by 
setting the derivative of equation (1.10) to zero and solving for time, giving t = 1.3 
minutes after the step. Thus, the parallel structure has fundamentally altered the 
dynamic behavior of this second-order system. 
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FIGURE 1.3 

Nonlinear and linearized dynamic responses for Example 1.1. 








The reason for this behavior can be understood by considering the two parallel 
paths in the physical system. When the exchanger flow is decreased, temperature 
Ji is initially unaffected, and the modified flow ratio to the mixing point results in 
an immediate increase in temperature T 2 . However, the exchanger outlet temper¬ 
ature T\ decreases with a first-order response because of the lower flow to the 
exchanger. As a result, the mixture temperature decreases from its initial peak to 
its final value with a first-order response. The measured temperature follows the 
mixture temperature after the sensor first-order lag. Note that the overshoot is not 
due to a complex pole and that the behavior is not periodic. Rather, 
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The unique behavior is due to parallel process paths with significant differ¬ 
ences in dynamics for the two paths. 


Naturally, such behavior should be considered in designing and operating 
the process. Imagine driving an automobile that tends to overshoot the change in 
direction indicated by the steering wheel; a careful and skilled driver (or control 
algorithm) would be required. 


EXAMPLE 1.2. Series reactors. 

This example demonstrates that the parallel paths do not have to be external 
bypass streams but can be separate mechanisms within a single process. The 
process considered is a series of two CSTRs, shown in Figure 1.4, with the same 
vessel size, flow rate, and chemical reaction as in Example 3.3; thus, the reactor 
models are identical to those derived in Example 3.3, equations (3.24) and (3.25) 
(page 64). In this example the response of the reactant concentration at the outlet 
of the second reactor to a step change in the solvent flow is to be determined. 

Formulation. In this example the flows of the reactant and solvent can be 
changed independently. Also, the solvent flow is so much larger than the com¬ 
ponent A flow (F a ) that we assume that the total flow is the solvent flow; that 
is, F % F s and C A0 » (C A F A )/F,. (Note that F s = 0.085 and C A0 = 0.925, so that 
C a F a = 0.0786 mole/min.) With these assumptions, the following transfer functions 



FIGURE 1.4 

Series chemical reactors for Example 1.2. 
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can be derived: 
Cao(s) 


F s (s) 

CfiAs) 

F s (s) 


C a Fa „ „ mole/m 

= G mix (s) = --£4 = K m ix = -10.9 


CaiC?) 

Ca<-\(s) 


= G Fi (s) = 


G f ,(s) = 


= Gai(s) = 


(F s ) 2 

[CAi-l(j) ~ Cai(^)],v 

F s + Vk 


m 3 /min 

K Fi 


(Trfw) 

2.41 


8.25s +1 
F s 


s + 1 
Gn(s) = 


TS + 1 


1.61 


8.25s + 1 


Fs + Vk 


Kai 


0.669 


(+,) 


s + 1 


t s -|-1 8,25 s + 1 


(Mi) 


( 1 . 12 ) 


fori = 1,2 


(M3) 

The linearized model is represented in the block diagram in Figure 1.5, which 
shows the parallel paths. In this example, the parallel paths result from the different 
effects of the solvent flow, through changes in the feed concentration and flow rate 
(residence time), on the outlet concentration of the second reactor. The overall 
transfer function can be derived using the block diagram to give the overall input- 
output relationship. 


= G f2 (s) + GA 2 (s)Gn(j) + GazWGaKsJG^s) (1.14) 

F s (s) 

This expression clearly shows that three separate effects of the input influence the 
output concentration. The first effect, Gn(s), is of the flow or residence time in 
the second reactor; this effect begins instantaneously and increases the concen¬ 
tration. The second effect, Ga 2 (s)G F \(s), is the residence time in the first reactor, 
which increases the feed concentration to the inlet to the second reactor. The third 
effect involves the decrease in the feed concentration, C A oi this effect is slower but 
of greater magnitude, ultimately decreasing the second reactor outlet concentra¬ 
tion. The overall effect can be determined by substituting the individual transfer 
functions into equation (1.14) and rearranging to give 


Ga2(s) _ + 1) + KaiK F \ -I- KaiKa \^mix 

Fs(s) - (ts + 1) 2 

—1.66(—8.0s + 1) 

(8.25s + l) 2 


(1.15) 



FIGURE 1.5 

Block diagram of reactors in Example 1.2. 




Again, the system is second-order and has the same poles as the individual 
elements in the system, but because of the numerator dynamics the response 
cannot be determined from a simple series system (i.e., Figure 5.5). Also, the 
result in this example is different from the previous example, because the transfer 
function in equation (1.15) has a positive numerator zero (s = 1/8.0). This is due 
to the last term in the numerator being large and negative, since K mix is less than 
zero. This result indicates a mechanism for inverse response of the output variable, 
in which the initial response of the output can have the sign opposite to its final, 
steady-state change. 

Solution. Again, the response can be determined by solving for the inverse 
Laplace transform using Table 4.1, entry 8. Substituting the data in the problem 
statement, including the input step of F s (s) = A F s /s = 0.0085/s, gives 

Ca2(0 = -0.0141 + (0.0141 + 0.00337f)e“' /8 ' 25 (1.16) 

Results analysis. The response to a step change in the solvent feed flow, with 
reactant flow unchanged, is shown in Figure 1.6 for the nonlinear and approximate 
linearized models. Note that the outlet reactant concentration initially increases, 
because of the decrease in residence time, which affects both reactors, including 
the last, immediately. However, the decreased feed concentration decreases the 
reactant concentration, initially in the first reactor and ultimately in the final reactor. 
Thus, 
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Response for series chemical reactor to step in solvent flow in Example 1.2. 
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Behavior similar to this example is observed in other physical systems, espe¬ 
cially tubular reactors. The series of CSTRs is selected in this example because 
the mathematical analysis is simpler, but lumped systems in series can serve 
as an approximation for the distributed system (Himmelblau and Bischoff, 1968). 
Modelling and experimental results for inverse responses in tubular reactors are 
presented by Silverstein and Shinnar (1982) and Ramaswamy et al. (1971). 

The dynamic characteristics demonstrated in this example would be expected 
to have great influence on feedback control. Imagine driving an automobile that 
responded initially in the inverse direction to a change in steering! The most ap¬ 
propriate response would be to eliminate the inverse response by redesigning the 
process, if possible. 
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QUESTIONS 

1 . 1 . Determine the response of the measured temperature 7b to a step change 
in the coolant flow rate in the process in Figure 1.1 and Example 1.1. Based 
on the dynamics, would you prefer to manipulate the coolant flow rate or 
the bypass flow to control 7b? 

1.2. Determine the response of the measured temperature 7b to a step in the inlet 
temperature 7o. Discuss the similarities and differences of this behavior to 
the dynamic response in equation (1.9) and Figure 1.3. 

13. A model and dynamic response are derived in Example 1.2 for a series 
of two chemical reactors. In the worked example, the solvent flow ( F s ) is 
changed in a step and the outlet concentration experiences an inverse re¬ 
sponse. Determine the dynamic response for a step change of A F A , with all 
other inputs constant. All assumptions are the same as in Example 1.2, and 
you may use relevant results without deriving. The answer to this question 
should include an analytical expression for the response of C A 2 and a de¬ 
scription of the dynamic response of the concentration in the second reactor. 
Compare your results with Figure 1.5, and discuss whether controlling C A 2 
would be easier or more difficult by manipulating F A . 

1.4. The series of two chemical reactors described in Example 1.2 is the initial 
process upon which this question is based. You may use all results from 
the modelling in Example 1.2 without proving, simply cite the source of 
the equations. 


(a) The solvent flow and composition at the inlet to the first reactor are to 
be controlled by two single-loop controllers. By adding sensors and 
final elements as required, describe briefly and sketch a control system 
for this purpose. 

(b) Given this strategy is functioning perfectly (maintaining Cao con¬ 
stant), determine the model between the solvent flow and the con¬ 
centration of the reactant in the second reactor, Ca 2 » and comment 
on the expected composition (Ca 2 ) control performance using this 
manipulated-controlled variable pairing. 

(c) Compare with the control performance in Example 13.8. 

1 . 5 . The dynamic response of a CSTR is considered in this question. You are to 
determine the characteristics of the response in component B in the effluent 
to a change in feed flow rate. You should determine the order, stability, 
damping, and effect of numerator zero from parallel paths. Based on your 
analysis, discuss whether a feedback controller from effluent concentration 
of B (Cb) to feed flow (F) would perform well. 

Assumptions: 

1) The reactor is well mixed and has a constant liquid volume. 

2) The reactor is isothermal. 

3) The density of the reactant and products are identical. 

4) Only reactant (A) and solvent are present in the feed and the feed com¬ 
position is constant. 

Data: 

1) The reaction is described by the following elementary reactions. 

A X B^C 

where —r& = &iCa and — r b = kjCu 
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Short examples of many process control designs are presented in the solved exam¬ 
ples in the book. In this appendix, the control of a distillation tower is considered in 
detail. Distillation is chosen because it is one of the most important unit operations 
in the chemical industry. Also, distillation provides excellent learning experiences 
for nonlinear, multivariable processes with significant interactions. The exercises 
in this appendix can be completed without the aid of a simulator. However, comple¬ 
mentary simulation exercises will substantially enhance the learning experience.* 

This appendix enables readers to apply their process and control skills to the 
control of distillation by performing a series of exercises of increasing complexity. 
Many of the exercises involve open-ended questions to give you experience in 
defining and solving realistic problems. Since successful process control relies on 
knowledge from process technology and instrumentation, readers are encouraged 
to utilize their library, Internet, and self-study skills to investigate issues raised 
in these exercises. The references at the end of this appendix provide good initial 
sources of information and an introduction to the literature on distillation towers 
and their control. 

The exercises in this appendix cover the topics in the same order as in the body 
of the book. To assist the readers, the exercises are organized according to the six 


*A menu-driven, tray-by-tray dynamic distillation simulation is available in the Software Laboratory, 
Version 3.0 (Marlin, 1999), which runs within the MATLAB™ language (MathWorks, 1998). In 
addition, commercial flowsheeting programs have the capability to simulate distillation dynamics using 
standard models and rigorous physical properties; examples are Aspen Dynamics™ (Aspen, 1999) 
and HYSYS (Hyprotech, 1998). 
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major parts of the book. The best manner for using this appendix is as “capstone” 
exercises at the completion of each part of the book. The student should have the 
opportunity to review solutions to each part before proceeding to the next, so that 
prior learning provides a solid foundation for future challenges. 


PART I: INTRODUCTION 

In Part I of the book, control terminology, concepts, and objectives are introduced. 
The exercises in this section of the appendix enable you to apply these topics to 
prepare for the study of distillation control. The example two-product distillation 
tower used in this appendix is shown in Figure J.l. 

J.l. Distillation Process Principles 

Before beginning control design and implementation, we should always be sure to 
understand the process technology. The questions in Table J.l provide this check 
for the distillation tower. 


J.2. Objectives 

Present typical process control objectives grouped into the seven objective cat¬ 
egories presented in Chapter 2. You should be as specific as possible, not just 
saying that ‘The process should remain safe” or “Profit should be maximized.” 
Remember that these objectives must be clear enough to direct the control design 
and implementation. 



Base-Case Data 

Feed rate 

8.00 kmole/min 

Feed composition, XF 

0.45 mol fract L.K. 

Feed liquid 

1.00 fraction 

Feed tray 

10 

Relative vol. 

2.20 

Trays 

21 + reboiler 

Distillate, XD 

0.975 mol fract L.K. 

FD 

3.625 kmole/min 

FR 

7.487 kmole/min 

Bottoms, XB 

0.015 mol fract L.K. 

FB 

4.375 kmole/min 

FV 

11.11 kmole/min 

FRB 

6.945 kmole/min 

Reflux drum 

7.2 min. 

[Volume/(Ffl + F D )] 

Bottoms holdup 

5.3 min 

[Vo!ume/(Fv/ + F a )] 


FIGURE J.l 

Two-product distillation tower separating a binary mixture, with base-case data. 




J.3 Potential Benefits from Control 

Answer the following questions for a simple, two-product distillation tower like 
the one in Figure J.l that is separating a binary mixture. 

1. Explain input variables and equipment performance factors that are likely 
to affect the profit of an operating distillation tower; do not include design 
decisions like the number of trays that cannot be changed during normal 
operation. 

2. What information is required to determine the costs for the energy used in 
condensing and reboiling? 

3. Some data is provided for the distillation tower in Figure J.2. For this question, 
assume that the light key in the bottoms should never exceed 0.016 mole 



Part I: Introduction 


TABLE J.l 

Questions on distillation process principles 

1. Sketch the design for two heat exchangers that can be used as condensers. 
For each design, explain how the heat transfer can be changed and 
indicate a valve or other element of the design that could be manipulated 
to change the heat transferred. What fluid medium is normally used for heat 
exchange in the condenser and why? 

2. Repeat question 1 for a reboiler. 

3. Discuss the purpose of the overhead accumulator. How much liquid should 
be contained in the overhead accumulator. 

4. Repeat (3) for the bottoms accumulator. 

5. What determines the amount of liquid on each tray? Is level control needed? 

6. Define constant relative volatility and give an example of components for 
which this is a good approximation. 

7. For what conditions is constant molal overflow a valid approximation? 

8. How would you define the best feed tray? How is the best feed tray 
determined? 

9. (a) What factors are considered when determining a "good” pressure 
for a distillation tower during design? 

(b) What determines the maximum pressure for an operating distillation 
tower? 

(c) What determines the minimum pressure for an operating distillation 
tower? 

(d) What physical device should be provided to prevent excessive 
pressures? 

10 (a) What determines the maximum vapor boilup in an operating distillation 
tower? 

(b) What determines the minimum vapor boilup in an operating distillation 
tower? 

11. Describe likely disturbances that would influence product compositions and 
would be compensated by feedback control. 
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Summary of Historical Data 

Fraction of 


Time 

(mole fraction L.K.) 

0.10 

0.013 

0.12 

0.011 

0.23 

0.009 

0.20 

0.007 

0.27 

0.005 

0.08 

0.003 


FIGURE J.2 

Operating data for the distillation tower. 



Distillation tower with typical pressure 
and level controls. 


fraction. From this data, determine the following values for the reboiler energy 
consumption: (a) the average over the period of the data and ( b ) the absolute 
minimum. (For this question, assume that the heavy key is butane.) 

4. With perfect separation, all light key material could have been recovered in the 
overhead product. Using the tabular data in Figure J.2, determine the amount 
of light key material in the bottoms that ideally could have been recovered in 
the top product. 

PART II: PROCESS DYNAMICS 

Process control requires an excellent understanding of the dynamic behavior of 
the plant. This knowledge is used to 

1. Build plants that are easy to control 

2. Design control systems 

3. Determine the effects of operations changes (production rate, product quality, 
etc.) on control performance to decide, for example, when adjustments in the 
computer control calculations are required 

Here, questions are presented to help the reader understand the dynamics of a 
distillation tower. It would be helpful if the reader would review Section 5.6 on 
distillation modelling before proceeding with these exercises. Some further mate¬ 
rial on multicomponent distillation dynamic modelling and numerical simulation 
is available from lyreus et al. (1975). 

J.4. Process Reaction Curves 

The tower in Figure J.3 is considered for this exercise with controllers maintaining 
the pressure and accumulator levels essentially constant. Process reaction curves 
are presented in Figure J.4. 
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FIGURE J.4 


(a) Dynamic response for a reflux (F R ) step of 0.20 kmoie/min occurring at 6 minutes. 
(b) Dynamic response for a reboiler heating medium (F RB ) step of 0.125 kmol/min, 
causing a reboiled vapor (Fy) step of 0.20 kmoie/min occurring at 6 minutes. 


Part II: Process 
Dynamics 
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1. What can you conclude about the linearity of the process? 

2. Based on your understanding of distillation, confirm the directions of the 
changes in the distillate and bottoms compositions in Figure J.4. 

3. Discuss the causal relationships between inputs (F R and F RB or Fy) and 
outputs (X D and X B ). Looking ahead, what important features in these the 
responses would make feedback control potentially easy or difficult? 

J.5. Distillation Dynamics 

The following questions provide thought exercises on the effects of equipment and 
operating parameters on distillation dynamics. 




0 50 100 150 

Time (min) 

FIGURE J.5 

Dynamic response for a feed 
composition (X F ) step of 0.03 fraction 
light key occurring at 6 minutes. 


1. The responses in Figure J.4 are for a distillation tower with the pressure and 
accumulator levels (controlled) to constant values. Is the distillation tower sta¬ 
ble or unstable when no controllers are in operation? Explain for all important 
variables. 

2. The dynamic response of the compositions for a change in reboil takes many 
minutes to reach steady state in spite of the very fast change in vapor flow 
rate. Why? 

J.6. Disturbance Responses 

Disturbance responses are presented in Figure J.5 for the tower in Figure J.3 with 
controllers maintaining the pressure and accumulator levels essentially constant. 

1. The experiments in Figures J.4 and J.5 both present input-output results. What 
is the major difference between the input variables in these two figures? 

2. Based on your understanding of distillation, confirm the directions of the 
changes in the distillate and bottoms compositions in Figure J.5. 

3. Discuss the causal relationships between disturbance inputs and composition 
outputs. Looking ahead, what important features in these responses would 
make feedback control potentially easy or difficult? 

PART III: FEEDBACK CONTROL 

The process dynamics and disturbance characteristics determine the best possible 
control performance, but the actual performance is strongly influenced by the con¬ 
trol design and implementation. A good design often results in safe and profitable 
operation providing consistently high product quality. The exercises in this part 
provide the opportunity to combine the process understanding acquired in Part II 
with control technology to provide good single-loop feedback control. 

J.7. Sensor Selection 

Review and enhance the control objectives for the distillation tower you developed 
in Exercise J.2. For each objective identify one or more sensors required to achieve 
the objective. Indicate the location of each sensor on a process schematic and 
indicate the variable range and physical principle. For analyzers, discuss the sample 
system needed and determine the locations for the “fast loop” withdrawal and 
return. 






J.8. Control Valves 
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Process control requires manipulated variables, which are most often valves that 
affect flow rates. Indicate the location of all automated control valves on a process 
schematic. Determine the maximum flow rating, failure position, and body type. 
Feedback control tends to transfer variation from the controlled to the manipulated 
variables; explain briefly why the variation is less costly in the flows affected by 
these valves than in the controlled variables identified in Exercise J.7. 

J.9. Control Performance 

Suggest quantitative control performance measures that could be calculated from 
plant data on the controlled and manipulated variables identified in Exercises J.7 
and J.8. 

J.10. Single-Loop Design 

For each of the controlled variables identified in Exercise J.7, select a manipulated 
variable to adjust from the valves identified in Exercise J.8. Select modes for each 
controller. 

J.11. Controller Timing 

Time each single-loop PID composition controller, Xd and Xb, using models 
based on the data in Figure J.4. Estimate the longest digital controller execution 
periods that would not degrade control performance for each controller. 

J.12. Display 

Sketch a real-time screen to be displayed by a digital control system to be used by 
a plant operator to monitor and intervene in the operation of the distillation tower. 
Indicate what data should be displayed and how (numbers, bar charts, trend plots, 
etc.) and what parameters could be changed by the plant personnel. 

PART IV: ENHANCEMENTS TO SINGLE-LOOP CONTROL 

The performance of feedback is limited by the process dynamics in the feedback 
and disturbance paths. Substantial improvements to control performance are pos¬ 
sible through single-loop enhancements that utilize additional sensors and models. 
The exercises in this part of the appendix enable the reader to apply these enhance¬ 
ments to distillation. 

J.13. Cascade Control 

List disturbances that will affect the distillation tower. For each, determine whether 
cascade control would improve the performance of the control design you devel¬ 
oped in Exercise J.10. Sketch the cascade controls you recommend on a process 
schematic. 


Part IV: 
Enhancements to 
Single-Loop Control 
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J.14. Feedforward Control 

Consider the control of the distillate purity, Xp, with the pressure and accumulator 
levels controlled by separate PI controllers. List disturbances that affect Xp, and 
for each, determine whether feedforward control would improve the performance 
provided by the feedback controller of Xp . Sketch the feedback-feedforward con¬ 
troller design for a feed composition disturbance on a process schematic, and 
design the controller based on the data in Figures J.4 and J.5. 

J.15. Ratio Control 

A colleague suggests that the reflux flow and reboiler heating medium flow should 
be adjusted so that they are ratios of the feed flow rate, e.g., Fr/F = constant. 
Discuss the advantages and disadvantages of this design and how distillate com¬ 
position ( Xp ) analyzer feedback could be included in the design. Decide whether 
you would agree to implement the design. 

J.16. Operating Conditions 

The distillate and product light key composition set points are changed from their 
values in Figure J.l to Xp = 0.995 and Xg = 0.005. Does anything in the control 
implementation have to be changed in response? 

J.l 7. Inferential Control 

You have learned that an analyzer to measure Xg is very expensive. Discuss alter¬ 
native control designs and how you would evaluate their likely performance. 

J.l 8. Level Control 

Which PID controller modes would you recommend for the accumulator level 
controllers? Should the levels be tuned for tight or averaging control? 

J.l 9. Internal Model Control 

Design and tune each single-loop IMC composition controller, Xp and Xg, using 
the data in Figure J.4. Estimate the longest digital controller execution periods that 
would not degrade control performance for each controller. 

PART V: MULTIVARIABLE CONTROL 

The dynamic behavior of several single-loop controllers applied to a process differs 
from the individual loop behavior because of interaction. Interaction affects the 
controllability, operating window, stability and tuning, and dynamic behavior of 
the controlled and manipulated variables. The exercises in this part provide the op¬ 
portunity to consider the effects of interaction on the control of a distillation tower. 


J.20. Possible Designs 

The control of pressure, two levels, and two compositions with five possible valves 
provides many opportunities. 



1. Determine the maximum number of possible loop pairings for this situation. 

2. Determine some of these pairings which can be quickly eliminated from con¬ 
sideration and explain why. 

J.21. Operating Window 

For the distillation tower in Figure J.l, determine the operating window with the 
composition (X d and Xr) set points on the coordinates. For this exercise, the reflux 
ratio and reboiled vapor are limited by the following values: 5.5 < Fr < 10.1 
and 15 < Fy < 140 kmole/min. (You will need a steady-state simulator for this 
exercise.) 

J.22. Relative Gain 

Using the results from the process reaction curve in Figure J.4, calculate the relative 
gain array. Then, calculate the steady-state gains between the inputs (Fr and Fy) 
and outputs (Xd and Xr) with sufficient accuracy to reliably evaluate the relative 
gain array. (You will need a steady-state simulator for this exercise.) 

J.23. Controller Timing 

Assume that the multiloop pressure and level control pairings are as shown in 
Figure J.3. Using the process reaction curves in Figure J.4, calculate the tuning for 
the two analyzer feedback controllers when implemented simultaneously. 

J.24. Decoupling 

For the tower in Figure J.3, answer the following questions: 

1. Discuss when decoupling might be advantageous. 

2. Design decouplers for two-way decoupling using the data in Figure J.4. 

3 . Discuss the likely errors in the decouplers and the effect of these errors on 
dynamic performance of PI controllers with decoupling. 

J.25. Variable Structure 

Discuss why minimum and maximum bounds would exist on allowable reflux 
flow rates. Design a control system that normally controls Xd to its set point but 
maintains the reflux flow rate between its minimum and maximum bounds at all 
times. 

PART VI: PROCESS CONTROL DESIGN 

Design enables the engineer to “bring it all together.” In the design process, the 
engineer applies analysis methods and guidelines to prepare a complete specifi¬ 
cation of the control structure, calculations, and equipment. The exercises in this 
part provide the opportunity to complete the control design for a distillation tower. 
Since design depends on the context, you will have to make various assumptions 
when completing the exercises. In contrast the practicing engineer would have 
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J.26. Control Design Form 

Prepare a control design form (CDF) for the distillation tower described in Figure 
J. 1. You might prepare a preliminary version, and complete the CDF after preparing 
answers for the following exercises in this part. 

J.27. Sensors 

Specify the sensors required for each control objective for the distillation tower. 
For each sensor, define the physical principle, range, accuracy, and reproducibility, 
and indicate the location of each sensor on a process schematic. For analyzers, 
discuss the sample system needed and determine the locations for the “fast loop” 
withdrawal and return. 

J.28. Valves 

Specify valves (final control elements) that are needed to control the distillation 
tower. For each valve, define the capacity (maximum flow), body type, failure 
position, and the need for block and bypass “hand valves” that can be opened and 
closed by a plant operator, but not remotely. 

J.29. Control Design 

Design a closed-loop control system that will achieve the control objectives you 
specified in Exercise J.26. 


J.30. Control for Safety 

Perform a safety review of the process with your control design and add control 
and equipment to ensure safe operation. Your answer should include automated 
control and provision for operator monitoring of safety-related issues. 


J.31. Optimization 

Discuss opportunities for optimizing a distillation tower. Define factors that would 
appear in a calculation of profit for a distillation tower and how these would be 
measured. Identify variables that can be changed during normal operation that 
influence profit and what tradeoffs exist that would lead to an optimum, i.e., a 
maximum when profit is plotted against the variable. Finally, describe a method 
for optimizing a distillation tower in real time. 

J.32. Monitoring 

Identify process equipment and operations factors that should be monitored by 
plant personnel to ensure proper plant operation. For each factor, define the sen¬ 
sors or laboratory data required, the analysis performed by the personnel, the 



decision and threshold value that would indicate a change is required, and the time 
frame for this monitoring, i.e., every half hour, once a month, etc. Discuss the use 
of statistical monitoring methods in the plant monitoring. 

Congratulations! You have now completed an analysis and control design for 
one distillation tower. Hopefully, these exercises have reinforced the importance of 
learning the material in the book and improved your ability to apply the principles 
to realistic challenges. You should not interpret the large number of exercises 
as an indication of the documentation typically developed in designing controls 
for a single distillation tower. Here, many exercises have been provided to help 
you learn. After gaining experience through university education and industrial 
practice, you will be performing this analysis rapidly, although perhaps on different 
unit operations. 

The exercises in this appendix follow the organization in the book, which 
introduces topics gradually. Now that you have learned the material, you can apply 
process control principles and guidelines more directly. 


Therefore, the control design approaches in Chapters 24 and 25 are recommended 
when you apply control engineering to real industrial challenges. 
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Short examples of many process control designs are presented in the solved ex¬ 
amples in the book. In this appendix, the control of a fired heater is considered 
in detail. A fired heater is chosen because it is one of the most important unit 
operations in the chemical industry. Also, fired heaters provide excellent learning 
experiences for nonlinear, multivariable processes with significant interactions. 
The exercises in this appendix can be completed without the aid of a simula¬ 
tor. However, complementary simulation exercises will substantially enhance the 
learning experience.* 

This appendix enables readers to apply their process and control skills to the 
control of a fired heater by performing a series of exercises of increasing complex¬ 
ity. Many of the exercises involve open-ended questions to give you experience in 
defining and solving realistic problems. Since successful process control relies on 
knowledge from process technology and instrumentation, readers are encouraged 
to utilize their library, Internet, and self-study skills to investigate issues raised 
in these exercises. The references at the end of this appendix provide good initial 
sources of information and an introduction to the literature on fired heaters and 
their control. 

The exercises in this appendix cover the topics in the same order as in the body 
of the book. To assist the readers, the exercises are organized according to the six 


*A menu-driven, fired heater simulation is available in the Software Laboratory, Version 3.0 (Marlin, 
1999), which runs within the MATLAB™ language (Mathworks, 1998). In addition, commercial 
flowsheeting programs have the capability to simulate process dynamics using standard models and 
rigorous physical properties; examples are Aspen Dynamics™ (Aspen, 1999) and HYSIS (Hyprotech, 
1998). 
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major parts of the book. The best manner for using this appendix is as “capstone” 
exercises at the completion of each part of the book. The student should have the 
opportunity to review solutions to each part before proceeding to the next, so that 
prior learning provides a solid foundation for future challenges. 


PART I: INTRODUCTION 

In Part I of the book, control terminology, concepts, and objectives are introduced. 
The exercises in this section of the appendix enable you to apply these topics to 
prepare for the study of fired heater control. The example fired heater used in this 
appendix is shown in Figure K.l with base-case data. 


K.l. Fired Heater Process Principles 

Before beginning control design and implementation, we should always be sure to 
understand the process technology. The questions in Table K. 1 provide this check 
for the fired heater. 

K.2. Objectives 

Present typical process control objectives grouped into the seven objective cat¬ 
egories presented in Chapter 2. You should be as specific as possible, not just 
saying that “The process should remain safe” or “Profit should be maximized.” 
Remember, these objectives must be clear enough to direct the control design and 
implementation. 


K.3. Potential Benefits from Control 

Answer the following questions for a simple fired heater like the one shown in 
Figure K. 1. 


flue gas 



Base-Case Data 

Feed flow rate 

0.121 m 3 /s 

Feed temperature 

214° C 

Fuel flow rate 

0.51 Sm 3 /s 

Fuel composition 

100% methane 

Air flow rate 

4.72 Sm 3 /s 

Oil outlet temperature 

285° C 

Box pressure 

-177 Pa, gauge 

Flue gas oxygen 

2.00 mole% 

Flue gas temperature 

460° C 


Fired heater with base-case data. Note that the exit oil remains 100% liquid. 




TABLE K.1 

Questions on fired heater process principles 

1. Describe two applications for a fired heater. 

2. Why/when is a fired heater used rather than a steam heat exchanger? 

3. Why does the pipe (coil) enter the heater above the radiant section? 

4. Define energy efficiency and describe how it is calculated using 
process measurements. 

5. The pressure inside the firebox is lower than outside; why does flue gas exit 
without compression? 

6. How is the best value of the air flow rate determined? 

7. Describe potential unsafe operating situations and how they are avoided. 

8. A fired heater may have more than one burner. Discuss why. 

9. A coil in a fired heater may be split into several pipes that pass through the 
heater and are combined at the exit of the heater. Discuss why this design 
might be used. Do you expect challenges with this design? 

10. Flue gas exits to the environment via the stack at a high temperature. How 
might more energy be recovered from the flue gas by heat transfer, with the 
effect of reducing fuel consumption? 

11. Discuss factors that determine the minimum allowable temperature of the 
flue gas as it leaves the fired heater convection section. 
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FIGURE K.2 

Operating data for the fired heater with a feed flow rate of 0.121 m 3 /s. 

1. Explain input variables and equipment performance factors that are likely to 
affect the profit of an operating fired heater; do not include design decisions 
like the heat transfer area in the radiant section that cannot be changed during 
normal operation. 

2. What information is required to determine the costs for the energy used as fuel? 

3. Some data is provided for the fired heater in Figure K.2. From this data, (a) 
estimate the average energy consumption per m 1 2 3 of feed and ( b ) the absolute 
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minimum energy consumption per m 3 of feed. Recall that the fuel is pure 
methane. For this question, you can use the value of2200 J/(kg K) for the heat 
capacity of the oil. 


PART II: PROCESS DYNAMICS 

Process control requires an excellent understanding of the dynamic behavior of 
the plant. This knowledge is used to 

1. Build plants that are easy to control 

2. Design control systems 

3. Determine the effects of operations changes (production rate, product quality, 
etc.) on control performance to decide, for example, when adjustments in the 
computer control calculations are required 

Here, questions are presented to help the reader understand the dynamics of a fired 
heater. Some further material on fired heater modelling and numerical simulation 
is available in Roffel and Rijnsdorp (1974). 


K.4. Process Reaction Curves 

The fired heater in Figure K.l is considered here. Process reaction curves are 
presented in Figure K.3. 

1. What can you conclude about the linearity of the process? 

2. Based on your understanding of the fired heater, confirm the directions of the 
changes in the plotted dependent variables for the specified input changes. 

3. Discuss the causal relationships between inputs (air and fuel flow) and out¬ 
puts (all plotted variables). Looking ahead, what important features in these 
responses would make feedback control potentially easy or difficult? 


K.5. Open-Loop Feedback Dynamics 

The following questions provide thought exercises on the effects of equipment and 
operating parameters on fired heater dynamics. 

1. How would the approximate steady-state gain, time constant(s), and dead time 
depend on the oil feed flow rate for the response between the input fuel valve 
change and the output oil exit temperature? 

2. The dynamic response of the oil outlet temperature for a change in fuel takes 
many minutes to reach steady state in spite of the very short residence time 
of oil in the pipe. Why? 


K.6. Disturbance Responses 

The fired heater in Figure K. 1 is considered here. Disturbance responses are pre¬ 
sented in Figure K.4. 
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FIGURE K.3 


(a) Dynamic response for a step from 46.95 to 49% opening of air valve. All plotted 
variables are dependent variables. (6) Dynamic response for a step from 20.95 to 23% 
opening of fuel valve. All plotted variables are dependent variables. 
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Dynamic response for a step change in fuel composition from 100% methane to 90% 
methane and 10% ethane at time = SO minutes. 


1. The experimental data in Figures K.3 and K.4 both present input-output re¬ 
sults. What is the major difference between the input variables in these two 
figures? 

2. Based on your understanding of the fired heater, confirm the directions of the 
changes in the plotted dependent variables for various input changes. 

3. Discuss the causal relationships between disturbance input and process out¬ 
puts. Looking ahead, what important features in these responses would make 
feedback control potentially easy or difficult? 

PART III: FEEDBACK CONTROL 

The process dynamics and disturbance characteristics determine the best possible 
control performance, but the actual performance is strongly influenced by the con¬ 
trol design and implementation. A good design often results in safe and profitable 
operation providing consistently high product quality. The exercises in this part 
provide the opportunity to combine the process understanding acquired in Part II 
with control technology to provide good single-loop feedback control. 

K.7. Sensor Selection 

Review and enhance the control objectives for the fired heater that you developed 
in Exercise K.2. For each objective identify one or more sensors required to achieve 
the objective. Indicate the location of the sensor on a process schematic and indicate 







the variable range and physical principle. For analyzers, discuss the sample system 
needed and determine the locations for the “fast loop” withdrawal and return. 

K.8. Control Valves 

Process control requires manipulated variables, which are most often valves that 
affect flow rates. Locate all automated control valves on a process schematic. 
Determine the maximum flow rating, failure position, and body type. Feedback 
control tends to transfer variation from the controlled to the manipulated variables; 
explain briefly why the variation is less costly in the flows affected by these valves 
than in the controlled variables identified in Exercise K.7. 

K.9. Control Performance 

Suggest quantitative control performance measures that could be calculated from 
plant data on the controlled and manipulated variables identified in Exercises K.7 
and K.8. 

K.10. Single-Loop Design 

For each of the controlled variables identified in Exercise K.7, select a manipulated 
variable to adjust from the valves identified in Exercise K.8. Select modes for each 
controller. 

K.11. Controller Tuning 

T\ine each single-loop PID controller you designed in Exercise K. 10 using models 
based on the data in Figure K.3. Estimate the longest digital controller execution 
periods that would not degrade control performance for each controller. 

K.12. Display 

Sketch a real-time screen to be displayed by a digital control system to be used 
by a plant operator to monitor and intervene in the operation of the fired heater. 
Indicate what data should be displayed and how (numbers, bar charts, trend plots, 
etc.) and what parameters could be changed by the plant personnel. 

PART IV: ENHANCEMENTS TO SINGLE-LOOP CONTROL 

The performance of feedback is limited by the process dynamics in the feedback 
and disturbance paths. Substantial improvements to control performance are pos¬ 
sible through single-loop enhancements that utilize additional sensors and models. 
The exercises in this part of the appendix enable the reader to apply these enhance¬ 
ments to a fired heater. 

K.13. Cascade Control 

List disturbances that will affect the fired heater. For each, determine whether 
cascade control would improve the performance of the control design you devel¬ 
oped in Exercise K.10. Sketch the cascade controls you recommend on a process 
schematic. 
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K.14. Feedforward Control 

Consider the control of the outlet temperature of the oil in the pipe. List distur¬ 
bances that affect this temperature, and for each, determine whether feedforward 
control would improve the performance provided by the feedback controller of 
the temperature. Sketch one of the feedback-feedforward controller designs on a 
process schematic. Design the feedforward controller using the data in Figures K.3 
and K.4. 


K.15. Ratio Control 

A colleague suggests that the fuel flow should be adjusted so that it is a constant 
ratio of the feed flow rate, e.g., fuel/feed = constant. Discuss the advantages and 
disadvantages of this design and how oil outlet temperature feedback could be 
included in the design. Decide whether you would agree to implement the design. 


K.16. Operating Conditions 

The set point of the temperature of the oil leaving the fired heater is increased by 10 
K. Does anything in the control implementation have to be changed in response? 

K.17. Inferential Control 

You would like to maintain the efficiency of the fired heater as high as possi¬ 
ble; however, all measurements to calculate efficiency are not available. Discuss 
alternative control designs to maintain high efficiency. 

K.18. Performance Monitoring 

What affects the long-term heat transfer coefficients of the convective heat transfer 
in the convection section of the heater? What can be done to recover a high heat 
transfer coefficient? 

K.19. Internal Model Control 

Replace one or more of the single-loop controllers in Exercise K.11 with IMC or 
Smith predictor controllers, and calculate the tuning. Estimate the longest digital 
controller execution periods that would not degrade control performance for each 
controller. 

PART V. MULTIVARIABLE CONTROL 

The dynamic behavior of several single-loop controllers applied to a process differs 
from the individual loop behavior because of interaction. Interaction affects the 
controllability, operating window, stability and tuning, and dynamic behavior of 
the controlled and manipulated variables. The exercises in this part provide the 
opportunity to consider the effects of interaction on the control of a fired heater. 



K.20. Possible Designs 

Consider the following controlled variables: ( a ) coil outlet temperature, ( b ) fire 
box pressure, (c) feed flow rate, and ( d ) combustion excess oxygen. First, provide 
four control valves for this process. 

1. Determine the maximum number of possible loop pairings for this situation. 

2. Determine some of these pairings which can be quickly eliminated from con¬ 
sideration and explain why. 

K.21. Operating Window 

For the fired heater in Figure K. 1, determine the operating window with set points 
of the feed flow and the oil outlet temperature on the coordinates. For this exercise, 
the air flow and fuel flow are limited by the following values: 2.0 < F a j r < 6.3 
Sm 3 /s and 0.30 < Ff ue i < 0.60 Sm 3 /s. (You will need a steady-state simulator for 
this exercise.) 

K.22. Relative Gain 

Calculate the steady-state gains between the inputs (valves affecting the air flow, 
fuel flow, feed flow, and flue gas flow) and outputs with sufficient accuracy to 
reliably evaluate the relative gain array. (You will need a steady-state simulator for 
this exercise.) 

K.23. Controller Timing 

Based on quantitative and qualitative information, select the control loop pairings 
for the fired heater. Using the process reaction curves in Figure K.3, calculate the 
tuning for all feedback controllers. 

K.24. Decoupling 

For the fired heater in Figure K.l, answer the following questions. 

1. Discuss when decoupling might be advantageous. 

2. Design explicit decouplers for two-way decoupling using the data in Figure 
K.3. 

3 . Discuss the likely errors in the decouplers and the effect of these errors on 
dynamic performance of PI controllers with decoupling. 

K.25. Variable Structure 

1. Discuss why minimum and maximum bounds exist on the fuel flow rate. 
Design a control system that normally controls the oil outlet temperature to 
its set point but maintains the fuel flow within bounds, even if the temperature 
decreases below its set point. 
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2. Discuss why minimum and maximum bounds would exist on the air flow rate. 
Design a control system that normally controls the oil outlet temperature to 
its set point but maintains the air flow within bounds, even if the temperature 
decreases below its set point. 


PART VI. PROCESS CONTROL DESIGN 

Design enables the engineer to “bring it all together.” In the design process, the 
engineer applies analysis methods and guidelines to prepare a complete specifi¬ 
cation of the control structure, calculations, and equipment. The exercises in this 
part provide the opportunity to complete the control design for a fired heater. Since 
design depends on the context, you will have to make various assumptions when 
completing the exercises. In contrast, the practicing engineer would have to deter¬ 
mine these factors from market analysis, quality control specifications, ancillary 
plant equipment layout, and so forth. 

K.26. Control Design Form 

Prepare a control design form (CDF) for the fired heater described in Figure K.l. 
You might prepare a preliminary version, and complete the CDF after preparing 
answers for the following exercises in this part. 

K.27. Sensors 

Specify the sensors required for safety, control, optimization, and monitoring of 
the fired heater. For each sensor, define the physical principle, range, accuracy and 
reproducibility, and indicate the location of each sensor on a process schematic. 
For analyzers, discuss whether a sample system is needed. 

K.28. Valves 

Specify all valves (final control elements) that are needed to control the fired heater. 
For each valve, define the capacity (maximum flow), failure position, and the need 
for block and bypass “hand valves” that can be opened and closed by a plant 
operator, but not remotely. 

K.29. Control Design 

Design a closed-loop control system that will achieve the control objectives you 
specified in Exercise K.26. 

K.30. Control for Safety 

Perform a safety review of the process with your control design and add control 
and equipment to ensure safe operation. Your answer should include automated 
control and provision for operator monitoring of safety-related issues. 



K.31. Optimization 

Discuss opportunities for optimizing a fired heater. Define factors that would appear 
in a calculation of profit and how these would be measured. Identify variables that 
can be changed during normal operation that influence profit and what tradeoffs 
exist that would lead to an optimum, i.e., a maximum when profit is plotted against 
the variable. Finally, describe a method for optimizing a fired heater in real time. 

K.32. Monitoring 

Identify process equipment and operations factors that should be monitored by 
plant personnel to ensure proper plant operation. For each factor, define the sen¬ 
sors or laboratory data required, the analysis performed by the personnel, the 
decision and threshold value that would indicate a change is required, and the time 
frame for this monitoring, i.e., every half hour, once a month, etc. Discuss the use 
of statistical monitoring methods in the plant monitoring. 

Congratulations! You have now completed an analysis and control design 
for one fired heater. Hopefully, these exercises have reinforced the importance of 
learning the material in the book and improved your ability to apply the principles 
to realistic challenges. You should not interpret the large number of exercises as 
an indication of the documentation typically developed in designing controls for a 
single fired heater. Here, many exercises have been provided to help you learn. After 
gaining experience through university education and industrial practice, you will 
be performing this analysis rapidly, although perhaps on different unit operations. 

The exercises in this appendix follow the organization in the book, which 
introduces topics gradually. Now that you have learned the material, you can apply 
process control principles and guidelines more directly. 


Therefore, the control design approaches in Chapters 24 and 25 are recommended 
when you apply control engineering to real industrial challenges. 
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Analysis 
of Digital 
Control Systems 



L.1 □ INTRODUCTION 

Most feedback control in the chemical process industries is currently implemented 
using digital computers. While most key features of control engineering are the 
same for continuous and digital control, some unique features of digital control 
should be considered. Therefore, the basic concepts of digital control were intro¬ 
duced in Chapter 11, and digital forms of common control algorithms are provided 
in Chapters 11 (PID), 12 (filtering and windup), 15 (feedforward), 21 (decoupling), 
and 23 (DMC). The reader is encouraged to review this material, especially the 
introductory material in Chapter 11, before proceeding to study this appendix. 

In this appendix, we present rigorous methods, based on the ^-transform, 
for analyzing a digital control system. As shown in Figure L.l, the z-transform 
enables the engineer to combine a continuous process and digital controller into 
one transfer function model. As with continuous systems, we can use the transfer 
function model to determine important properties of the system, such as its stability, 
final value, and frequency response. This appendix begins with an introduction 
to z-transforms for digital systems, which are analogous to Laplace transforms 
for continuous systems. Then, the application of z-transforms for control system 
analysis is presented. Finally, these analysis methods are applied to determine key 
results for PID and IMC closed-loop systems. 

L.2 □ THE Z-TRANSFORM 

The digital controller has no information on the continuous controlled variable; 
it has only sampled values of the controlled variable. Therefore, our analysis 
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Discrete controller, e.g., 
MV„ = K C * E n +1 


z-trarisform 

» 

t 






Continuous process, e.g., 
VpC p dTfdt = FpC p (Tq - T) 


z-transform 

i 

i 



CV(z)_ HG p (z)G c (z) 
SP(z) \+HG p (z)G c (z) 


FIGURE L.1 


Schematic of how z-transforms are used to combine sampled 
values from a continuous process and digital calculations. 


approach should represent this situation. The z-transform is defined for a series of 
values as follows: 



00 


z-transform: 

Z(Yo,Y u Y 2 ,...) = '£ i Y n z- n 

n=0 

(L.1) 


The capital “Z” denotes the z-transform, and Y„ indicates the values of the sampled 
variable “Y”. When we consider the z-transform of a continuous variable (such as 
flow or temperature), we will mean the z-transform of the sampled values of the 
variable. 

Important properties and conventions for the z-transform are summarized in 
the following. 

1. The sampled values for a variable are assumed zero for n < 0. 

2. The “z” variable can take complex values. 

3. In this presentation, the z-transform of the sampled variable Y n is designated 
by its argument, as in Y(z). 

4. The z-transform is a linear operator, because it satisfies the additivity and 
proportionality criteria 

Z{aYi + bY 2 ) = aZ{Y \} + bZ{Y 2 ) 

5. A table of z-transforms and their inverses is provided in Table L. 1. These pairs 
are unique. 




6. The z-transform carries no explicit information about its sample period, al¬ 
though the period is known from the data collection procedure. 


We assume that the sample period (At) is constant for a set of sampled variables. 



Thez-transform 


This assumption is valid for the vast majority of process control systems. To 
achieve a constant execution period, the control computer must have excess 
computing capacity. One method for ensuring excess capacity is to limit the 
number of algorithms executed per second by one processor. Also, the soft¬ 
ware must ensure that a user-written program does not exceed a maximum 


TABLE L.1 

Table of z-transform pairs. 

No. G(s) _ G(z) 

1 1 (impulse) 

2 - (step or constant) 

5 

3 —— 
s + a 


11 

1 

T=r rr 

1 

1 — 


4 


1 


A/z " 1 
0 -z-') 2 


5 

6 

7 

8 

9 

10 

11 

12 


1 

(^ + a)(s + fe) 

1 

(j + a ) 2 
S+Oq 

(s+a)(s + b) 

1 

s 2 + a 2 

1 

jr(s + n)(s + b) 
$ -1-flo 

s(s + a)(s + b) 

s + ap 
s(s +a ) 2 

G(s)e~ 9s 


1 

b — a 

(A r)g- a(A,) z-‘ 

(1 — e- fl<A,) z -1 ) 2 

1 r (flo-fl) _ (go - b) I 
b — a |_ 1 — e -a(A ')z _l 1 — e -WA,) z -1 J 

1 I" z _, sin(aAr) 
a |_ 1 — 2z -1 sin (a At) + z _2 _ 

1 _1_ _1_ 

ab( 1 — z -1 ) a(a — b)(l — e - “ (A,) z -1 ) b(b — a)(l — e - * ,A,) z -1 ) 

Qp _ (Qp - a) __ (Qq - b) _ 

ab( 1 — z -1 ) a(a — Z?)(l — e -fl(A, )z -1 ) b(b — a)(l — e“ 6(A,) z _1 ) 

ap T 1 1 (a/a 0 )(flo-a)(A/)e- a(A ' > z'" l 1 

a 2 L * — z _l (1 -c- a(A ') z -') (i _ e -«( A O z -i)2 J 

G(z)z - ' where i = 9/At = integer 


1 _ 1 

| — g—a(&t)£ — \ | 1 


Notes: Constants a, b, and ap are real and distinct. 

Ar is the sample period. 
s is the Laplace variable. 

The z-transform does not include a zero-order hold. 
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allowable computing time; limited computing times are enforced by a moni¬ 
toring program that interrupts a program exceeding the maximum time. 

With a constant sample period, the sampled data can be represented as 

Y„ = Y(nAt) 

where n is the sample number and At is the sample period. 

7. To reiterate, no information on intersample values is available from the 
z-transform. 

EXAMPLE L.1. 

Sampled values of a temperature are provided. Determine the first few terms in 
the z-transform of this sampled variable. The sample period, At = 10 seconds. 

7(0) =310 

T(At) =312 
T(2At) =315 
T(3At) =318 

The sampled values can be substituted directly into equation (L.1) to give the 
following: 

Z{T(nAt)) = 310 + 312z -1 + 315z -2 + 318z" 3 + • • • 


EXAMPLE L.2. 

Use the data given in Example L.1 to develop the z-transform of the temperature 
with a sample period of 5 seconds. 

The data has no information about intersample behavior. Therefore, we cannot 
determine the sampled values at 5, 15,..., seconds. We cannot determine the 
z-transform for 5-second samples from the data provided. 


Next, we will evaluate the z-transforms for the sampled values of several 
common variables. 


UNIT STEP INPUT. U (n At) = \ for all n > 0 

00 00 

Z(U(nAt)) = Z( 1,1,1,1,...) = £(l)z- n = JV" (L.2) 

n=0 n =0 

Using the relationship that z~" = 1/(1 — z _1 ) for |z| > 1, we obtain for 
following result: 

Z(U(nAt)) = — l — (L.3) 

1 — z 1 

UNIT IMPULSE. T(0) = 1 and Y(nAt) = 0 for n > 0 

Z(l, 0,0,0,...) = (l)z-° + Oz -1 + 0z“ 2 • • • + = 1 


(L.4) 



RAMP. 7(0 = at so that Y(nAt ) = an At 

00 

Z(0, aAt, 2a At,...) = ^(a/t At)z _ " 

n=0 

= 0 + (aAt)z -1 + (2aA/)z -2 + (3aAt)z~ 3 H- 

= (aAt)z“'(l +2z _l + 3z -1 H-) 

(aAt)z -1 

Z(0, aAt, 2aAt, • ■ •) = 7 :-(L.5) 

(1 -z -1 ) 2 

The last step relied on the following relationship: 

1 + 2 z _l +3z -2 +4z -3 H- 1 - = —— , . for |z| > 1 

(1 - Z " 1 ) 2 

TRANSLATION (DEAD TIME). y(nAt—i At) where i = integer number 
of samples in the dead time 

00 

Z(Y(nAt — i At) = ^ Y{n At — i A t)z~ n substituting k — n — i 

n= 0 
00 

= 52 Y(kAt)z~ ik+i) with Y(kAt) = 0 for k > 0 

*=-/ 

00 

= 52 Y(kAt)z~‘z~ k 

k= 0 

oo 

= z~‘ 52 Y(k&t)z~ k 

k= 0 

Z(y(nAt - / At) = z~‘Y(z) (L.6) 

Therefore, the z-transform of a variable with dead time is the product of z to 
the power of —/, (where / is the number of samples in the dead time) and the 
z-transform of the function without dead time. Note that this development relied 
on the dead time being an integer value. 


In this appendix, we will assume that the dead time is an integer multiple of the 
sample time, i.e., i = 9/At — integer. 


For extensions when the dead time is not an integer, see material on modified 
z-transforms in Smith (1972). 

DIFFERENCE EQUATIONS. Calculations performed for control (including 
controller, filter, and models) take the form of difference equations in digital com¬ 
puters; therefore, we need to take the z-transform of such equations. The control 
equation uses current and past sampled values of variables; naturally, future values 
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are not available. The following expressions give the z-transform for current Y ( n ) 
and past (F„_,) values of a sampled variable: 

Z(Y n ) = Z(Y(nAt), Y((n - 1)A t), Y((n - 2)At), ■ ■.) = Y(z) (L.7 a) 

Z(y„_,) = Z(Y((n — i)At), Y ((n — i - 1)A t), Y((n-i-2)At), ...) = z~‘Y(z) 

(L.7« 

We will be deriving controller calculations in the form of z-transforms and would 
like to implement these controllers in a digital computer as difference equations. 
Therefore, we will be applying the inverse of equations (L.la) and (L.lb), for 
example, 

Z-'(F(z)) = Y n Z-'(z-‘Y(z)) = Y„-i 

From the above expressions we see why z _l is similar to the backward shift oper¬ 
ator, because z~' indicates that the variable in a difference equation is i samples 
“back” from the current variable. 


INTEGRAL. The integral mode in the PID controller is calculated in the digital 
computer using a numerical approximation based on sampled values. As described 
in Chapter 11, the discrete form of the integral mode using rectangular integration 
is given by the following expression, with E representing the error between the 
set point and measured controlled variable, 

ft » 

/ E(t)dt*T(At)E, 

Jo i '=0 

We can take the z-transform of the expression, applying the expressions for the 
difference equations to give 

z(£(A0E,J = (A0£(z)IV'' 

\;=o / i=o 


For large values of n, Yll=o z ' ^ 1/(1 — z ') giving the expression for the z- 
transform of rectangular integration. 


Z 



(A t)E(z) 
1 - z~ l 


(L.8) 


DERIVATIVE. The derivative mode in the PID controller is calculated in the 
digital computer using a numerical approximation based on sampled values. As 
described in Chapter 11, a common discrete approximation of the derivative mode 
is given by the backward difference, with CV representing the measured controlled 
variable 

(dCV\ ^ CV„ — CV„-i 
\ dt ) l= „& t At 

The z-transform can be evaluated to yield the z-transform of the derivative. 
z ( CT -~J V "-' ) = ^(CVfe) - r'CVfe)) = CVb) (L.9) 
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FIRST-ORDER DIGITAL FILTER. A first-order filter can be used to reduce 
noise in a measurement prior to the control calculation. The digital filter discussed 
in Chapter 12 is a discrete form of the continuous filter and is repeated below for 
X as the input and Y as the output, with the filter time constant, tf. 

Y„ = aF„_ i + (1 - a)X„ with a = e~ A,/x 


The z-transform of this difference equation gives 

Y(z) =<*z -1 T(z) + (l -a)X(z) 


(1 - a) 

(1 -az -1 ) 


X(z) 


(L.10) 


FINAL VALUE THEOREM. The final value of the error is important, because 
if it is zero, the control system returns the controlled variable to its set point after 
a disturbance or set point change. Thus, we introduce the final value theorem 
that provides a direct manner for evaluating the final value of a sampled variable 
from its z-transform. We begin by stating the theorem and proceed to prove the 
expression. 


The z-transform 


lim Y(nAt) = lim (1 - z -1 )T(z) 

0 *11) 

H-M50 Z-4-1 



= lim(l — z *) £ Y(nAt)z~ 


n =0 


oo 

= lim y^(Y(n At) - z~ l Y(nAt))z~ n 

Z~+ 1 “' 


= lim T Y'(0) + (YX'At) - Y(6 ))z + (Y(2At) - Y/At))z~ 2 

z-* 1 


+ 


n=6 


= lim Y(nAt) 

n-*oo 


The last step results from the cancellation of all but the last term in the series. 
Note that this expression is valid only when the system in stable, so that the terms 
Y(n At) approach the same value as the sample number n becomes large. 


INVERSE z-TRANSFORM. We would like to evaluate the inverse of the z- 
transform to determine the sampled, time-domain values of the variable. We will 
present two methods in this appendix: (1) long division to reinforce the principles 
and (2) partial fractions to provide the basis for important generalizations. 

Before covering these methods, we note the following important feature of 
z-transforms: 


The z-transform is always a ratio of two polynomials in z. 
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The structure of the Laplace transform was more complex because of the dead 
time (< e~ $s ); however, the dead time in digital systems (z~‘) simply increases the 
order of polynomials. Also, because real processes involve differential equations, 
the order of the denominator is greater than that of the numerator (after the dead 
time is factored out). The methods of inversion take advantage of the polynomial 
structure of the ^-transforms. 

One method of inverting a z-transform is long division, which provides a series 
expression in powers of z _l . The sampled values can be evaluated by comparing 
the terms in the series with the definition of the z-transform. 


EXAMPLE L.3. 

Evaluate the inverse z-transform for the following expression, and evaluate the 
final value. 

y (z) =_ 2^ _ 

w l-1.8z-'+0.8z- 2 

The expression can be expanded by long division to give 


1 - 1.8z _l +0.80Z" 2 


0.6z~' + 1.08z -2 + 1.46z -3 + 1.77z -4 
0.6z-‘ 


The first few sampled values can be determined by comparing this result with the 
definition of the z-transform as shown in the following: 


T(z) = Y(nAt)z~ n = 0z"° + 0.6z _1 + 1.08z -2 + 1.46z" 3 + 1.77z -4 + • • • 

n= 0 

Therefore, T(0) = 0, Y(At) = 0.60, Y(2At) = 1.08, YQAt) = 1.46, and Y(4At) = 
1.77. The final value can be determined by applying the final value theorem. 


lim(l - z 

z->l 


-i 


( 0.60z _1 \ /t j.( 0.60z~ l \ 

\1 - 1.8z _l +0.80z -2 / — ) ((1-z-')d-0.8z-')J _ ' 


The second method for inverting z-transforms uses partial fractions to rep¬ 
resent a complex expression by the sum of several simpler expressions. Each of 
the simpler expressions can be inverted using Table L.l or by long division. Thus, 
we can invert essentially any z-transform of a realistic process variable using this 
approach. In addition, we can easily determine the stability of a variable. 

The partial fraction method is summarized in the following: 


Y(z) = 


N(Z) 


C, 


+ 


C 2 


D(z) (1 - PlZ~ l ) ( \-p2Z -') 


+ 


(L.l 2) 


where Y (z) = z-transform of the output variable 

N(z ) = numerator polynomial in z of order m 
D(z) = denominator polynomial in z or order n 

Pi = roots of the equation D(z) = 0, also called the poles 
(distinct roots assumed here) 


The partial fractions method requires that the order of the denominator be 
greater than the order of the numerator, i.e., n > m, after the dead time is factored 
out. This requirement will be satisfied by models encountered in process control, 
after the dead time is temporarily removed. Initially, the C, ’s are unknowns in 
equation (L. 11) and must be determined so that the equation is satisfied. The partial 
fraction expansions and the resulting Heaviside expansion formula are presented 
in Appendix H for evaluating the constants, so the details are not repeated here. 
Suffice to say that the same procedures can be applied to evaluate the constants C, 
here as well. 

One important stability result can now be presented, because equation (L.I2) 
shows that all z-transforms can be represented as a sum of simpler expressions. 
Let us expand one of the terms in Equation (L.12) by long division. 


Y(nAt) 


= C,Z 1 ^ | _ p. z -i ) = CiZ '(1 + PiZ '+Pj 2 z 1 + Pi 3 z 1 ■+-) 


(L. 13) 


By comparing the equation above with the definition of the z-transform, the sam¬ 
pled valued can be determined to be 


Y (0) = C„ Y(At) = C,Pi , Y(2At) = C iP f, YQAt) = C,pf,... 


Clearly, the sampled variables will be stable if p t < 1.0 and will be unstable 
(increase toward ±oo) if p, > 1.0. We generalize this result to a test for stability 
of a sampled data variable in the following: 


• Determining the stability for a z-transform with distinct mots 

Stable |/ 7 /| < 1.0 

Unstable |pd > 1.0 

• For repeated and complex mots, the result is similar: 

Stable \pt\ < 1.0 

Unstable |p,| > 1.0 


The roots of higher-order polynomials are difficult to evaluate by hand calcu¬ 
lation, but numerical methods are available and standard algorithms can be used 
in software such as MATLAB™. 

EXAMPLE L.4. 

Determine whether the following variable is stable: 

0.6z-‘ 0.6z~‘ 

K(Z) ” 1 - 1.8z-' +0.8z- 2 ” (1 -z->)(l -0.8z-') 

The roots of the denominator are 1.0 and 0.80. Since they are distinct and less 
than or equal to 1.0, the variable is stable. Note that this is the variable considered 
in Example L.3, where the final value was determined. The application of the final 
value theorem is valid only for stable variables. 
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In continuous systems, the roots of the polynomial in the denominator of the 
Laplace transform provided information about the damping of the variable in the 
time domain. This is true for the roots of the denominator of the z-transform as 
well. Let us evaluate the first few sampled values for some example z-transforms, 
and then we will generalize the results. 


First six sampled values 


z-transform 

Root 

0 

1 

2 

3 

4 

5 

Comments 

1/(1 - l . lz -') 

1.1 

1.0 

1.1 

1.21 

1.33 

1.46 

1.61 

Overdamped, 

unstable! 

1 

o 

VO 

0.90 

1.0 

0.90 

0.82 

0.73 

0.66 

0.59 

Overdamped, slow 
response 

1/(1 - 0 . 5 z -‘) 

0.50 

1.0 

0.50 

0.25 

0.125 

0.063 

0.032 

Overdamped, faster 
response 

1/(1 + 0 . 9 z -1 ) 

- 0.90 

1.0 

- 0.90 

0.81 

- 0.73 

0.66 

- 0.59 

Highly oscillatory, 
ringing 

1/(1 + l . lz " 1 ) 

- 1.1 

1.0 

iW 

- 1.1 

1.21 

- 1.33 

1.46 

- 1.61 

Hamm 

Oscillatory, unstable! 


Note that the real pole greater than +1.0 is unstable. Also, the positive real poles 
with magnitudes less than 1.0 give stable, overdamped responses. Finally, poles 
with real parts near —1.0 result in highly oscillatory responses. If the magnitude 
is less than 1.0, the oscillations damp out; this is behavior is termed ringing. If the 
magnitude of the pole is greater than 1.0, the response is unstable. 

The results on stability and damping are often summarized in graphical dis¬ 
plays of the roots of the denominator in which the real and complex parts of the 
roots are plotted as shown in Figure L.2. Therefore, the unit circle is plotted for 
easy reference, since roots inside the unit circle yield stable performance. The 
following guidelines are often used: 

• Stable systems have all roots of the denominator (the poles) within the unit 
circle. Any root outside of the unit circle results in instability. 

• Roots near the origin represent faster dynamics than roots far from the origin, 
i.e., near the unit circle. 

• Roots with real parts near —1.0 result in highly oscillatory, ringing behavior. 

Rules regarding “good” pole locations have been suggested (e.g., Franklin 
et al., 1990), but these rules are limited to second-order systems with a constant 
numerator term. As we complete the presentation in this appendix, we will see 
that realistic systems have terms (powers of z) in the numerator as well as the 
denominator, and systems can be of much higher than second-order. Therefore, 
analysis of the dynamic behavior of digital control (beyond the general guidelines 
above) should be performed using dynamic simulation, which is straightforward 
for linear systems. 



Imaginary 


983 



The roots of the z-transform denominator plotted in the complex plane. If all roots 

are inside the unit circle, the sampled values are stable. 
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L.3 D METHODS FOR ANALYZING DIGITAL CONTROL 
SYSTEMS 

In this section, we introduce methods for analyzing linear, closed-loop digital 
control systems. As with continuous systems, the analysis is based on transfer 
function models and block diagrams, and the results are the three key features of 
a linear system that can be determined without complete solution of the transient 
response, stability, final value, and frequency response. We begin by defining the 
transfer function for input X and output Y. 


Transfer function: 


G(z) = 


Yjz) 

X(z) 


(L.14) 


The following assumptions are associated with the transfer function: 

1. The initial conditions for X and Y are zero. Building models in deviation 
variables from an initial steady state easily satisfies this condition. 

2. The samples of both variables are at the same period, are synchronized, and 
are instantaneous. These assumptions are valid for essentially all chemical 
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processes, because electronic analog-digital conversion and signal sampling 
devices are very fast in comparison to the dynamics of the process equipment. 
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Some properties of the transfer function are stated here. 

(a) The transfer function is a linear operator. 

(b) The roots of the denominator are the poles and indicate the stability of the 
variable. 

(c) The steady-state gain of the transfer function is K = lim G(z), when G(z) is 

stable. z-> 1 

(i d ) Let us set the input variable to a unit impulse. From equation (L.4), X (z) = 
1 .0, so that y(z) = G(z) = output response to a unit impulse input. Thus, 
the transfer function is equivalent to the z-transform of the sampled output 
responding to a unit impulse. 

The next example shows how the transfer function for a digital calculation is 
found by taking the z-transform of its difference equation. 

EXAMPLE L.5. 

Determine the transfer function for the digital PID controller. The discrete equation 
executed in the digital computer was derived in Chapter 11 and is repeated here. 

mv' = k c + 

Note that the equation is in deviation variables. The z-transform of the equation 
can be taken using the relationships in equations (L.7) and (L.8). 

MV'(z) = K e (l + ^frpr) E 'M 

This can be rearranged to form the transfer function, with the prime dropped by 
convention, because the transfer function is always in terms of deviation variables. 

PI controller: G c (z) = =K c (l + ^- ^ ^ (L. 15) 

The transfer functions for the following controllers can be derived by similar de¬ 
velopment: 

MV(z) 

P-only controller: G c (z ) = ■ , s = K c (L.16) 

E(z) 

PID controller: G c (z) = ^ [l + ^-j-^pr + ^d-z-')] (L.17) 


o- 

FIGURE L.3 


■At- 


Dynamic response of a zero-order hold 
to an input of magnitude 1.0. 


Now we turn to modelling the sampled values from a continuous process. 
As explained in Chapter 11, the signal from a digital controller is converted to 
a continuous signal in a digital-to-analog (D/A) converter, and the analog signal 
is held constant between samples by a zero-order hold. The time behavior of a 
zero-order hold is shown in Figure L.3, which shows that the value is unchanged 
over the first At after the digital controller has calculated the output value, and 
then the zero-order hold decreases to zero for the past controller output. Recall 


that the digital controller produces an updated controller output, so that the signal 
to the valve changes immediately to the new value of the controller output. The 
dynamic behavior of a sampled system is given in Figure L.4 to clearly show the 
sampled and continuous variables. 

The zero-order hold has the time behavior of a pulse function. The Laplace 
transform of a pulse function is derived in equation (4.9) and is repeated in the 
following, with C = At so that the integral is 1.0, as shown in Figure L.3. 

1 — 

Zero-order hold: H(s) =- 

The symbol H(s ) is used for consistency with other publications. 

Next, we proceed to determine the transfer function model of the system 
in Figure L.4, which represents the continuous components of a digital control 
system, along with the interfacing components (A/D, D/A, and hold). The Laplace 
transform of the zero-order hold with a series process is given in the following: 

H(s)G(s) = G(s) = 0 

The term e _(A,) ' is the Laplace transform of a dead time of duration At. Thus, the 
z-transform of is the unit dead time z -1 ,that is, Z(e~ <A,)l ) = z ~ l -Taking 
the z-transform of the equation above gives 



Thus, the z-transform of the series hold and process can be evaluated and using 
equation (L.18). The term Z(G(s)/s) can be determined using Table L.l. It is 
important to note that in general, HG(z) ^ H(z)G(z )! Now, let us consider a few 
examples. 


From 

digital sampler 
computer 




To 

Zero order 

Continuous 

sampler digital 

hold 

process 

computer 



oooo oooo 


oo 


oo 




Discrete 

signals 






*v- J 


Continuous signals 


o°° 

ooo 


Discrete 

signals 

FIGURE L.4 


Schematic of continuous and discrete (digital) signals for digital 

control of a continuous process. 
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EXAMPLE L.6. 

Determine the transfer function for the sampled heat exchanger in Example 3.7 
with a sample period of 15 seconds (0.25 minute). 

The model for the heat exchanger temperature as a function of the coolant 
flow rate is derived in Example 3.7 and repeated here. 

T(s) „ -33.9 .,. . . 

-= G(s) = —--- with time in minutes 

F c (s) 11.95+1 

The transfer function for the sampled system with zero-hold is given in the following: 


HG(z) = (1—z~ l )Z 


(l-z-')Z 


-33.9 \ 

5 ( 11.95 + 1 )/ 


(l-r')z 


/ -33.9/11.9 \ 
W +1/11-9)/ 


The z-transform is evaluated using entry 5 in Table L.1 (with K = 33.9, a = 0, b - 
1/t) to give 


HG(z) = (1 
✓ 



- e-W'H- 1 

b (\^ z-')(l -e-^z- 1 ) 


-0.705Z" 1 
(1 -0.979z-') 


(L.19) 


We can determine that the system is stable because the denominator of the transfer 
function has a root at 0.979 < 1.0. 



EXAMPLE L.7. 

Determine the z-transform for the sampled mixing process with dead time in Chap¬ 
ter 9 with a sample period of 1 minute. Here, we will consider the process and hold 
without control. 

The process model is repeated here 

A(s) ^ x 1.0«r Sl ... . . 

—— = G(s) = — -— with time in minutes 

v(s) (5s + 1) 

The transfer function for the sampled system with zero-order hold is given in the 
following: 


Horn = a-r')z (M) = <i- z -')z (^j) = 0-r')r*z 

The dead time is 5 sample periods; i = 0/Ar = 5/1 = 5. The z-transform is 
evaluated using entry 5 in Table L.1 (with K = 1, a = 0, and b = 1/t) to give 

A (1 - e-*" x )z- 1 0.181z" 6 


HG(z) = (1 -'z~ l )K^-z~ 5 - , 

' b (1,- z ')(! - e-to/'z ') 


1 -0.819z 


-i 


(L-20) 


Now that we can determine transfer function models for the digital calculations 
and the continuous process with hold, we can combine these transfer functions 
to describe the closed-loop behavior. As with continuous systems, we will use 
block diagrams to derive the overall model, and we will apply the same rules 
and procedures in block diagram manipulation. We consider the block diagram in 
Figure L.1, in which the final element and sensor have been combined with the 
process in G p (s). The closed-loop transfer function for the system is given in the 
following: 




(L.21) 


CV(z) HG p (z)G c (z) 
SP(z) 1 + HG p (z)G c (z) 


EXAMPLE L.8. 

Determine the transfer function for digital PI control of the stirred-tank heat ex¬ 
changer in Example L.6 and evaluate key aspects of the performance. (Note that 
this is the same closed-loop system considered in Example 8.7 for continuous 
control.) 

The closed-loop transfer function is determined by substituting for HG p (z) 
and G c (z ) in equation (L.21). The general forms of the transfer functions are given 
in the following: 


First-order process 

^ K p (\ -e-^)z-' 


HGp(z) = 


fx 7 — 1 


PI controller 

G c a) = AT c (i + ^ r Jpr) 


Substituting the individual transfer function models into equation (L.21) gives the 
following transfer function, with B = e~ A,/T used to simplify the notation: 


K P K C (\ - B)z ~ 1 1 + 


Af 1 \ 

r, i -Z-'J 


CV(z) 


SP(Z) 


1 -Bz- 




\-Bz 


The stability of the system can be determined by evaluating the roots of the char¬ 
acteristic equation, which can be set equal to zero and rearranged to give the 
following: 

0 = 1 + (-(1 + B) + K P K C ( 1 - B)(l + A//r/))z-' + [B - K P K C {\ - B)]z~ 2 

This equation can be multiplied by z 2 to give the following quadratic equation to 
be solved for the roots: 

0 = z 2 + (-(1 + B) + K P K C (\ - B) (1 + A//7»)z + [B-k p K c (\ - fi)J (L.22) 
The parameters for this problem are (with the tuning from Example 8.7) 

K p = -33.9 K/(m 3 /min) K c = -0.059 (m 3 /min)/K 


11.9 min 


7/ = 0.95 min At = 0.25 min 


For the parameters in this example, the roots of the characteristic equation are 
0.98±0.06y, which have a magnitude less than 1.0; therefore, the system is stable. 


EXAMPLE L.9. 

Evaluate the stability of the digital heat exchanger control system with PI controller 
and tuning from Example L.8 with different execution periods. 

The stability can be determined by evaluating the roots of the characteristic 
equation; all roots within the unit circle, i.e., having magnitudes less then 1.0, 
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indicate stability for step-type inputs. The characteristic equation was determined 
in Example L.8 and is repeated below. 

0 = z 2 + (-(1 + B) + K p K c (1 - B)(l + A t/T,))z + [B - K P K C (\ - B)] 

The parameters At and B = e~ A,/r appear in the equation, so that changing the 
execution period (At) changes the roots of the equation. Numerical results are 
summarized below for the parameters in this example. 


Execution period, 
At (min) 

Roots of the characteristic 
equation (min -1 ) 

Maximum magnitude 
of root 

Stability 

0.25 

0.98 ± 0.06 j 

0.98 

Stable 

1.0 

0.79 ±0.36 j 

0.87 

Stable 

2.0 

0.44 ± 0.58 j 

0.73 

Stable 

3.0 

—0.38 ± 0.57 j 

0.68 

Stable 

3.925 

0.156,-1.009 

I 1.009 >1.0 

Unstable | 


The pole location begins in the stable and well-damped region, and as the 
execution period increases (with tuning unchanged), the poles move toward the 
ringing region (negative real parts) and ultimately to instability (outside of the unit 
circle). This rigorous analysis is consistent with the simulation studies and guide¬ 
lines presented in Chapter 11. 


Finally, we would like to evaluate the frequency response of a linear, digital 
system. Recall that the frequency response is the behavior of the output for a sine 
input after sufficient time for initial transients to damp out. For a linear system, 
the output behavior will be a sine with the same period as the input. The frequency 
response of a digital system can be determined by using the relationship that 
both z~ [ and e -(A()I represent a unit dead time. Therefore, z~ x can be replaced 
with e -(A,)s and the Laplace variable (s) can be set to jco, with co being the sine 
frequency (Franklin et al., 1990). This approach is now applied to a digital system. 


EXAMPLE L.10. 


Determine the frequency responses for two first-order filters; (a) a continuous and 
(b) a digital. For this example, let the filter time constant (r/) be 0.50 second and 
the sample period (A/) be 0.25 second. 

The first-order filter is a first-order lag without dead time and with a steady- 
state gain of 1.0. 

(a) The transfer function for the continuous filter is G f (s) = l/(r f s + 1). The 
frequency response can be evaluated using methods presented in Chapters 
4 and 10. 


Continuous filter: G f (s) =- 

TS +1 


G/(coj) = 


1 

yj 1 + rj(o 2 


(b) The transfer function for the digital filter is given in equation (L.10), with a = 
e -A//r F y^g frequency response can be evaluated by replacing z -1 with e~ (A,)<ui 
to give the following: 


Digital filter: G f (z) = 


1 — a 
1 — az~ l 


G f (e { - A,)a> >) = 


1 —a 


1 — cie 




Amplitude ratio, \Y\l\X\ 



Frequency (rad/second) 

FIGURE L.5 


Frequency responses for continuous and digital (At = 0.25 second) 
first-order filters. The filter time constant is 0.50 second. 
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The amplitude ratios, |y|/|X|, for both filters are plotted in the Bode diagram 
in Figure L.5. One important use of the first-order filter is to attenuate higher- 
frequency noise from a measurement. Note that the continuous filter is ef¬ 
fective at very high frequencies. The digital filter performs similarly to the 
continuous filter at low frequencies. At higher frequencies, the digital filter is 
not effective. Since many measurement signals contain very high frequency 
noise from electrical interference, each measurement signal to digital control 
equipment has a continuous (analog) filter with a small time constant before 
the measurement is converted to a digital signal. 

The frequency beyond which the digital filter deviates from the continu¬ 
ous filter can be estimated using Shannon's sampling theorem; "A continuous 
function with all frequency components at or below co' can be represented 
uniquely by values sampled at a frequency equal to or greater than 2 co'." Ap¬ 
plying this approach, the highest frequency at which the digital signal closely 
estimates the continuous signal is (using a> samp i e = n/At). 

co’ = a>sampie/2 = jr/(2Af) = 3.14/2(0.25) = 6.28 radians/second 

This frequency is a reasonable estimate of the maximum frequency at which 
the digital filter provides a reasonable estimate of the desired continuous 
signal. 


L.4 □ DIGITAL CONTROL PERFORMANCE 

The ultimate goal is always good control performance. Digital control systems can 
perform as well as equivalent continuous control systems under certain situations, 
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but they have potential difficulties that should be considered in algorithm design. 
In this section, we apply the results of previous sections to evaluate digital control 
performance. We will begin with the standard PID feedback controller and proceed 
to IMC controllers. 

PID CONTROL. The PID algorithm is easily implemented via either contin¬ 
uous (analog) or digital computation, with most new control equipment using 
digital. In general, better digital control performance results from faster execution, 
i.e., short execution periods. Guidance on PID performance is provided through 
the consideration of the following four examples. 

EXAMPLE L.11. 

Tune the PI controller controlling the heat exchanger and evaluate the dynamic 
response using simulation. For this example, we select the execution period as 2 
minutes, although a commercial control system would typically execute the digital 
controller several times per second. 

The dynamics for the process are known from previous examples. We will use 
the Ciancone PI disturbance correlation (Figure 9.9) modified as recommended in 
Chapter 11 for digital control, i.e., 9' = 9 + At/2. The calculations are summarized 
below. 

K p = -33.9 K/(m 3 /min) 9’/(9' + r) = 1/(1 + 11.9) = 0.078 

r = 11.9 min K P K C = \3 

0 = 0 min T,/(9‘- r) = 0.23 

9' = 9 + At/2 = 0 + 2/2 = 1.0 min K c = 1.3/(-33.9) = -0.038 (m 3 /min)/K 

T, =0.23(12.9) =3.0 min 

The dynamic response for a step change in the set point is reported in Figure 
L.6 for the controller applied to the nonlinear heat exchanger model (given in 
Example 3.7). Note that the manipulated flow changes only every 2 minutes when 
the controller calculation is executed; between executions, the flow is maintained 
constant by the zero-order hold. The variables are well behaved, with the controlled 
variable returning to its set point and the controlled and manipulated variables 
experiencing smooth transitions, without undue oscillation or overshoot. Naturally, 
the performance of the digital control system with the long execution period is not 
as good as would be achieved by a continuous controller or a digital controller 
with short execution period. 

By the way, the linearized, closed-loop system stability can be evaluated us¬ 
ing equation (L.22). The roots of the characteristic equation are 0.76 ±0.27 j. Since 
the magnitudes of the poles are 0.80 < 1.0, the poles are within the unit circle, 
and the system is stable. The poles for this tuning are farther from the unit cir¬ 
cle than the poles for Example L.8. Thus, the Ciancone tuning in this example is 
more robust to model errors because it has a greater margin from the stability 
boundary. 


The digital PI controller can be tuned using modified tuning correlations 
to provide well-behaved dynamic responses; however, the control perfor¬ 
mance will degrade as the execution period is increased. 
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Dynamic response for a set point change to a digital PI control of the 
stirred heat exchanger exit temperature determined in Example L.ll. 


EXAMPLE L. 12. 

Determine the final value of the heat exchanger control system for a step change 
in the set point of A SP. 

The solution can be found (for stable tuning) by applying the final value the¬ 
orem. 


,' ASP 

limCV(z) = lim(l —z — r 

z-i , 1 - z~' 


1 -Bz 


-i 




1 + 


1 -Bz- 


lim CV(r) = ASP 

t—*oc 


K p K e (l - B)(At/T,) 
K P K C {\ - B)(At/Ti) 


= ASP 


Therefore, the digital control system with an integral mode returns the con¬ 
trolled variable to its set point, achieving zero steady-state offset. 

Note that this important feature is achieved with a rectangular approximation 
to the integral calculation; a perfect, continuous integral is not required! 


While the rectangular estimate is not exact, it provides a “persistent” adjust¬ 
ment of the controller output until the error returns to zero. Mathematically, 
this appears as a term 1/(1 -z -1 ) in the controller, which is required for zero 
offset at steady state. 
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EXAMPLE L.13. 

Determine the performance of proportional-only feedback control for the stirred- 
tank heat exchanger. The controller execution period is increased to 15 minutes, 
which would occur when a sensor can provide a new measurement very infre¬ 
quently. Use the value of the controller gain from Example L.11. 

First, let us simulate the system and observe the performance. The dynamic 
response of the stirred heat exchanger with P-only control is given in Figure L.7. 
Both controlled and manipulated variables experience unacceptable oscillations. 
This poor performance might be unexpected, since this is the same value for the 
controller gain used in the PI controller, which gave acceptable performance in 
Figure L.6; only the integral mode has been removed. 

Let us investigate the cause by determining the poles of the closed-loop 
system. The transfer functions for the process, equation (L.19), and the controller, 
G c (z ) = K c , are substituted into the closed-loop transfer function, equation (L.21). 
Recall that B = e“ (A,)/r with At = 15. 

K P K C ( 1 - B)z~' 

C YCz) _ 1 - ar 1 

SP(z) , , K P K C {\ - B)z~' 

,+ 1-Br' 

The denominator of this equation, the characteristic equation, is set equal to zero 
to evaluate the pole(s) of the system. 

0 = 0-52-') + K p K c (l - B)z~' (L.23) 

Substituting the values for this example [5 = 0.284, K p = -33.9 K/(m 3 /min), and 
K c = -0.038 (m 3 /min)/K], we find the value of the pole to be z = -0.64. This pole 
is not close to instability, i.e., the boundary of the unit circle. However, this pole 
is located in the region near where the unit circle crosses the negative real axis 



Dynamic response for digital P-oniy control of the stirred heat 
exchanger exit temperature determined in Example L.13. The poor 
performance is due to ringing. 





(-1,0), which indicates that the sampled values will have a ringing behavior. This 
is exactly the behavior that we see in Figure L.7. 


Generally, a slowly sampled control system with proportional mode will tend 
to ring. 
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Tuning should be selected to reduce ringing while maintaining acceptable per¬ 
formance. One procedure is to lower the proportional gain and simultaneously 
decrease the integral time. When the sampling is so infrequent that the process 
essentially attains steady state between samples, the feedback controller should 
be changed to integral-only with ( K c )/T) = [(Ar)tf,,]"" 1 , which reduces the error 
to zero in one execution (if K p is known exactly). 


EXAMPLE L.14. 

Determine the maximum controller gain that achieves stable behavior for a first- 
order process with proportional-only control and a 15 minute execution period. 

We determine the answer to this question by using the characteristic equation 
of the closed-loop system, which was derived in the previous example as equation 
(L.23) and is repeated below. 

0 = (1 -Bz~') + K P K C (\ -B)z~ x 

We solve for the pole (z) to give 


z = K P K C {\ - B) - B 



We want to find the limiting value when |z| = 1. For negative feedback, K P K C > 1, 
and B = e~ (A,)/T > 0. Therefore, 


Maximum K c = K„ 


1 1 +B 
K p \-B 


1 1 + <r A,/r 

Yp 1 - e-A'A 


Recall that no stability limit to the controller gain exists for continuous, P-only con¬ 
trol of a first-order system. The digital system is more restricted, but this result 
is consistent with our interpretation of the sample time as a type of dead time. 
Substituting the values for this example, the ultimate controller gain, K„ = -0.0529 
(m 3 /min)/K. 


A proportional-only feedback controller applied to a first-order process has 
an ultimate gain. 


IMC CONTROL. The other major single-loop controller algorithm presented 
in this book is the IMC controller explained in Chapter 19. The IMC controller 
structure is repeated in Figure L.8. The following design criteria were determined 
for the IMC controller in Chapter 19 for an open-loop stable plant. 
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FIGURE L.8 

Block diagram of digital IMC feedback control system. 


1. The controller algorithm is an approximate inverse of the process model. 

G cp (z ) « [HG m (z)]~' 

The approximation is required to ensure that the controller is physically realiz¬ 
able. The design approach involves factoring the process model into invertible 
[HG"(z)] and noninvertible [tfG+(z)]. 

HG m (z) = HG + m {z)HG- m {z) 

By convention, the steady-state gain of the noninvertible factor is selected to 
be 1.0. The controller is the inverse of the invertible factor. 

G cp (z) = [HG~ (z)]" 1 

2. The controller gain is the inverse of the process gain; lim G cp (z) = 
lim[//G-(z)]- 1 

3. The controller must be stable. 

4. A filter is included in the feedback path to modulate adjustments in the ma¬ 
nipulated variable and to increase robustness to model error. 



Here, the process transfer function includes dynamics of the final element (valve) 
and the sensor. We will design IMC controllers in the next three examples. 

Here, the process transfer function includes dynamics of the final element 
(valve) and the sensor. We will design IMC controllers in the next three examples. 


EXAMPLE L.15. 

Design an IMC controller for the mixing process with dead time. Select the exe¬ 
cution period (Ar) to be 1 minute. 

The transfer function for this first-order-with-dead time process was derived 
in Example L.7 and is repeated in the following: 


HG p {z) 


K p ( 1 - e-*' /T )z- 1 __ 5 _ 0.181z -6 

l_ e -Ar/r z -l z — 1 — 0.819z -1 


Let us try to design the controller as the exact inverse of the process model above. 


Controller from inverse of HG m (z), transfer function: 


Gcp(£) 


M V(z) 
T p (z) 


[HG m (z)]~ l 


1 -0.819Z" 1 
0.181z- 6 


For the moment, we will assume that no filter is included, which is satisfied with 
G f (s ) = 1. The digital controller would be implemented as a difference equation. 





We apply equations (L.7) to convert the transfer function above to a difference 
equation, with sample V representing the current time. 

Controller from inverse of HG m (z ) difference equation: 


MV„ = 5.52(r p )„ +6 - 4.52(7’p)„ +5 

The controller equation requires future values of T p (the set point corrected by the 
model error feedback); therefore, this control calculation is not possible. As in the 
design of the continuous IMC controller, the approximate inverse must not invert 
the dead time. Factoring out the dead time and the zero-order hold (combined to 
give z -6 ) from the numerator of HG m (z ) and taking the inverse yields the following 
control algorithm: 

Controller from inverse of HG~ M {z), transfer equation: 


^cp(z) — 


MV(z) 

T p (z) 


= [ffG^z)]- 1 = 


1 — 0.819z -1 
0.181 


Controller from inverse of HG~ M {z ), difference equation: 


MV„ = 5.52(T P )„ - 4.52(y„)„-, 

This calculation requires only current and past values and can be implemented; 
i.e., it is physically realizable. 

Although the difference equation is realizable, the design can lead to a very 
aggressive feedback controller. The dynamic response for a set point change 
with a perfect model is given in Figure L.9. The variation in the manipulated vari¬ 
able is large and would not be acceptable for many chemical processes, e.g., 
manipulating distillation reboiler heating medium flow. Just as serious is the lack 
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FIGURE L.9 


Dynamic response for a set point change to a digital IMC controller 
without filter controlling the mixing process with dead time (no model 
mismatch). This controller is too aggressive for most applications. The 
results are from Example L.15 plotted in deviation variables. 
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of robustness; this controller would become unstable with modest modelling 
errors. 

We can add a filter to the control loop to moderate the manipulation and 
increase robustness. Typically, one goal of the filter is to ensure that the power of 
z~' in the denominator is at least as high as the power in the numerator. For this 
example, the natural choice is a first-order filter to give the following: 


Gf(z)G cp (z) = = Gf(z)[HG-(z)]- ] = 


l-a 1-0.8192” 1 


1 — az~ l 


0.181 


We can use the tuning correlation for continuous IMC controllers provided in Figure 
19.6 as a first estimate. The calculations are summarized in the following: 


6 = 5 min r = 5 min 6/(6 + r) = 5/10 = 0.50 
r p /(6 + r) = 0.35 (from Figure 19.6) 

Tf = (0.35)10 = 3.5 min 
a = e~ (A,/Tf) = e - ( ' /3S) = 0.75 


The controller in deviation variables using these variables is 
Controller from inverse of HG~(z) and filter, difference equation 
MV„ = 0.75MV„_, + 1.38(r p )„ - 1.13(r p )„_, 

The closed-loop performance of the digital controller and filter is shown in Fig¬ 
ure L.lOa for a perfect model. While the approach of the controlled variable to 
its set point is slowed somewhat, the adjustment in the manipulated variable is 
more moderate and would be acceptable in most processes. The added robust¬ 
ness is demonstrated by the performance with model error (all plant parameters 
+25% from their estimated values) shown in Figure L.IOb. Some degradation in 
performance is evident, but while not ideal, this performance would normally be 
acceptable. 


This example demonstrates that the IMC design procedures presented in 
Chapter 19 can lead to acceptable controller performance. Recall that the 
noninvertible factor includes the dead time and the zero-order hold. 


-A —i 



EXAMPLE L.16. 

Design an IMC controller for the series of chemical reactors in Example 1.2. The 
concentration of the reactant leaving the second reactor (C A 2 ) is controlled by ad¬ 
justing the solvent flow rate ( F s ). Recall that this dynamic response experiences 
an inverse response due to two parallel paths: (1) the faster residence time ef¬ 
fect and (2) the slower and stronger inlet concentration effect. The continuous, 
linearized model between the manipulated and controlled variables is derived in 
Example 1.2. The transfer function model is second-order with numerator zero and 
is repeated in the following equation: 

„ M _ Gufr) _ *p(W + 1) ^T^(S + 1/r.ead) 

" Fs(s) (rs + l )2 (s + l/r)2 

The first step is to determine the 2 -transform of the process with a zero-order hold. 
The term Z(G p (s)/s) can be evaluated using entry 11 in Table L.1 (with a 0 = 1 /ri ead 





Manipulated variable Controlled variable Manipulated variable Controlled variable 
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(a) 




FIGURE L.10 

Dynamic response for a set point change to a digital IMC controller 
with filter controlling the mixing process with dead time. The results 
are from Example L.15 plotted in deviation variables: (a) no 
model mismatch; (b) plant parameters 25% larger than the 

controller model. 
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and a - 1/r). The values for the parameters are 

K p = -1.66 (mole/m 3 )/(m 3 /min) a = 1/r = 0.121 min' 1 

r = 8.25min do = l/^iead = 0.125 min 

Tlead = -8.0 min A t = 1.0 min 


When these values are substituted into the z-transform and terms with like powers 
of z“* are combined, the following discrete process model with zero-order hold is 
determined: 


HG m (z) 


Ca 2(0 
F s (z) 


fetz ' 1 + bjZ 2 
1 +aiz~' +a 2 z“ 2 


where a x = -1.7717 b x = 0.1616 
02 = 0.7847 b 2 = -0.1832 


Poles are 0.8858 (repeated) Zero is 1.1339 
In the previous example, we found that the controller could be derived by inverting 
the process model without the dead time and zero-order hold; this process has 
no dead time and has a zero-order hold (z _l ). By taking the inverse of the model 
with the zero-order hold factored out, the following controller equation results: 


WG+(z) = z' 1 HG~( z) = 


b\ + b 2 z 


-l 


Ca2(z) _ 

F s (z) ]+a x z~ > +a 2 z~ 2 


Controller from inverse HG~(z), transfer function: 


^ ^ _ F s (z) _ 1 -\-ci\Z 1 +a 2 z 2 

cp{Z) ~T p (z)~ b x +b 2 z- 

Recall that the input to the controller is the target, T p , which is the set point minus 
the model error, E m = (C^W - (C^W- 

Before considering closed-loop performance, we evaluate the stability of the 
controller algorithm, G cp (z). We know that the stability of the transfer function de¬ 
pends on the poles of the transfer function. From the expression for the controller 
above, we see that the numerator zero in the process model becomes a pole in 
the controller. For this example, 


The controller pole = -b 2 /b x = 1.1339, which has a magnitude greater than 

1 . 0 . 


The controller is unstable, which is clearly not acceptable! Recall that the plant 
was stable, as indicated by poles of the process being located inside the unit 
circle. A zero outside the unit circle does not affect the plant stability, although it 
certainly affects the dynamic behavior, in this case giving an inverse response. To 
reiterate, 


The inverse of a stable plant can lead to an unstable controller, because 
the zeros of the plant are the poles of the controller. 


To yield a stable controller, we must include in the HG+(z) all zeros that are outside 
the unit circle. If we were to simply factor out these zeros, we would change the 
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gain of the remaining process model, HG~(z). Therefore, if we factor any zeros, 
we must compensate the gain of the remainder of the model. The procedure is 
demonstrated as we continue with the exercise. 

Controller from inverse HG~(z) with the unstable pole removed, 
transfer function: 

r . . _ F,(z) _ 1 + +a 2 z~ 2 

Cp{Z) ~ T„(z) ~ b x +b 2 

Note that when the unstable controller pole is removed, the contribution of the pole 
to the final value is retained, so that the controller gain is unchanged, as shown in 
the following expression: 

lim(Z>( +b 2 z~ l ) = b\+b 2 

Z-* I 


Now, we have achieved a controller that is stable. Also the controller is causal 
because the current manipulated variable ( F s ) depends on only current and past 
values. However, the controller would likely be too aggressive, so we want to add 
a filter that ensures that the orders of the numerator and denominator are equal. 
This will require a second-order filter, which we choose to be two first-order filters. 
The resulting controller is given in the following: 

Controller from inverse HG~(z) with the unstable pole removed 
and a filter added, transfer function: 


F (?) 


1 +aiz 1 +a 2 2 2 / 1 -a V 
b\+b 2 \ 1 — 1 / 


We have designed a stable, causal controller that can provide robustness and 
moderate variation in the manipulated variable, with the proper choice of the filter 
time constant. No general studies are available to select the filter for this process 
model structure, so some trial-and-error tuning leads to the selection of 5 min¬ 
utes for the filter time constant, to give a = e -(A,)/I / = 0.819, With this value, the 
controller algorithm becomes the following, which is clearly causal: 


Controller from inverse HG~{z ) with the unstable pole removed 
and filter added, difference equation: 

(F s )„ = \.64(F S )„ -0.67(F s )„_ 2 + 8.38(T p )„ - U.SSiT,,)^ + 6.5$(T p ) n - 2 


where ( T„) n - (SP)„ - [(C A2 meas)n (C^2pred)n ] 

Recall that all variables in the difference equations are deviations from initial con¬ 
ditions. To calculate the actual flow, the initial condition of the solvent flow must be 
added to the value calculated above. 

A sample set point response of the digital control system applied to the non¬ 
linear series reactor process is given in Figure L.11. While the dynamic response is 
well behaved, no feedback controller can remove the poor performance resulting 
from the unfavorable process dynamics—specifically the inverse response. The 
performance achieved with the IMC controller is equivalent to the performance 
achieved with a proportional-integral controller, shown in Figure 13.15. 
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EXAMPLE L.17. 

Reconsider the series reactors just analyzed in the previous example. Here, eval¬ 
uate the effect of different sampling periods on the IMC controller design. 

Naturally, the continuous process does not change when the sampling period 
changes; therefore, the continuous transfer function and the parameters K p , r, and 
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Dynamic response for a set point change to a digital IMC controller with 
the unstable pole removed and with a filter. The process is a series of 
chemical reactors with an inverse response. The results are from Example 
L.16. 


T| ead do not change. Only the sample period (Ar) changes. However, because the 
sample period appears in most terms in entry 11 of Table L.1, all coefficients in 
the z-transform change. The general form of the z-transform is repeated in the 
following equation: 


HGM) = 


C M (z) 
FAz) 


6|Z~ l +f>2Z~ 2 
1 +<2iZ -1 + d 2 Z~ 2 


We recall that the zero in the process model, -b 2 /b\ becomes the pole for the 
IMC controller. If this pole has a magnitude greater than 1.0, the controller will 
be unstable, which is not acceptable. The results below summarize the coeffi¬ 
cients in the z-transform and the poles and zero for several values of the sample 
period. 


Poles 


A t 

a\ 

«2 

bi 

h 

(repeated) 

Zero 

0.10 

-1.9759 

0.9760 

0.0192 

-0.1940 

0.9880 

1.013 

1.0 

-1.7717 

0.7847 

0.1616 

-0.1832 

0.8858 

1.134 

3.0 

-1.390 

0.4830 

0.3205 

-0.475 

0.6950 

1.480 

10.0 

-0.595 

0.0885 

0.0133 

-0.8324 

0.2976 

63.63 

15.0 

-0.3246 

0.0263 

-0.4256 

-0.7390 

0.1623 

-1.740 

20.0 

-0.1771 

0.0078 

-0.8110 

-0.5680 

0.0885 

<^0?70qfr> 


Magnitude less than 1 






First, we see that the poles of the process always remain in the unit circle. 
The conclusion that the stability of an open-loop process does not depend on the 
sampling period certainly conforms to our expectation. 

Second, we note that the magnitude of the zero becomes less than 1.0 for 
large sampling periods. We can understand this result by recognizing that the 
sampled values do not experience an inverse response if the period is sufficiently 
long; naturally, the inverse response occurs during intersample behavior. These 
results show that an IMC controller algorithm including the inverse of the zero 
would be stable for a period of 20 minutes. 

However, we must evaluate the potential design further for a third important 
point. We note that the zero of the process becomes a pole of the controller, and a 
pole with a large negative real part will cause undesirable ringing. Therefore, this 
design with a pole at (-0.7,0) will not be acceptable. One method suggested by 
Morari and Zafiriou (1989) for achieving reasonable performance is to ‘'remove" 
the ringing pole using the same method as used for removing the unstable pole, 
remembering to include the constant to maintain the controller gain unchanged. 


Digital IMC controller design must remove ringing poles to achieve accept¬ 
able performance. 


We have applied IMC design to digital control in this section and have found 
that the design method, summarized in the four steps in the beginning of this 
section, is generally the same as for continuous systems. We have found one 
major difference; the design method must include a check for ringing pole in the 
controller. In addition, using z-transforms will enable us to apply the IMC design to 
more complex process models, not simply first-order-with-dead-time as in Chapter 
19 on continuous processes. Finally, we have a direct manner of determining the 
difference equations for the controller and model calculations to be implemented 
in a digital computer. 

L.5 □ CONCLUSIONS 

In this appendix, we have developed a rigorous method for analyzing linear dy¬ 
namic systems involving continuous processes and digital controllers. The z- 
transform of each component was derived and the individual transfer functions 
were combined using block diagram algebra to form an overall model. This model 
was applied to determine the stability, final value, and frequency response of digital 
systems. 

Many of the results in this appendix were previously established through less 
rigorous studies in several chapters of the book. As we expect, delaying feed¬ 
back control by increasing the execution period (1) requires tuning adjustments 
to maintain proper stability margins, and (2) degrades the control performance. In 
addition, we have learned about the new behavior of ringing, how ringing occurs 
in PID and IMC controllers, and how ringing can be avoided. Finally, we have 
learned how to derive difference equations for implementing digital calculations, 
and this method is easily implemented beyond the simple lead/lag described in 
Appendix F. 
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Accumulation, 53 
Accuracy: 

numerical integration, 83-84 
sensor, 383, 772-773 
Adaptive tuning: 
expert system, 528 
gain scheduling, 518,529,709, 715 
input conversion, 519 
reasons for, 512-517 
relay auto-tuning, 527 
selection of method, 529 
valve characteristic, 520-525 
Alarms, 795, 890 
Aliasing: 

antialiasing filter, 393 
due to sampling, 362, 989 
Amplitude: 

amplitude ratio, 121-123, 316,412, 
988-989 

response to sine, 121 

(See also Frequency response) 


Analog: 

computation, 257 
signals, 212-215, 358-359 
Anti-reset windup, 399-402,604-605, 
715 

Array (see Relative gain array) 
Averaging filter, 394 
Averaging level control, 563-564, 
569-570 


B 

Bandwidth, 419 

Benefits, control, 28-35,423^125 
Blending: 

controllability, 627, 637 
gasoline, 866 
interaction, 632 
loop pairing, 663 
model, 621 

operating window, 625 










Blending— Cont. 
optimum, 866-870 
tuning for, 646-648 
Block diagrams: 
algebra, 116,118,143,244 
cascade, 463 
definition of, 115 
feed forward, 489 
multiloop, 630 
IMC, 592,994 

reduction to transfer function, 116,244 
series, 143 

single-loop, 243,974 
Smith predictor, 600 
Bode: 

cascade, 468 
closed-loop, 412-415 
generalized plots, 323-326 
key aspects of plots, 328 
plot, 123 

stability criterion, 313-317 
limitations of, 316 
Boiler: 

control of, 27,474 
efficiency of, 32-34 
optimization of, 861-865 
(See also Steam system) 

Bounded input-output stability, 304, 
307-308 


c 

Cascade: 

block diagram, 463 
degrees of freedom, 460-461 
design criteria for, 461 
examples: 

chemical reactor, 471—473 
distillation, 690-691 
fired heater, 473 
heat exchanger, 458-460 
levels of, 473 
performance, 462-468 
primary variable, 460 
secondary variable, 460 
terminology, 460 
transfer functions, 462 
tuning, 469 

Cause-effect relationship, 6-7,114,651 
Centralized control, 617,727 


Characteristic, valve: 
examples, 520-525 
inherent, 520 

specifying for linearizing loopgain, 524 
Characteristic equation: 
definition, 309,630 
relation to stability, 309-310, 316,643, 
987 

Characteristic polynomial: 
definition of, 108,932 
relation to stability, 109 
roots of, 109,932 
Checklist, for design, 820-822 
Chemical reactor, packed bed: 
cascade, 471-473 
feedforward, 495-497 
inferential, 549-552 
variable structure, 713-714 
Chemical reactor, stirred tank, 62,72, 
84-86 

isothermal, 62,72 
nonisothermal: 
cascade design, 475-476 
control design, 835 
control performance, 438-440 
linearized, 900 
model for, 85, 897-901 
multiple input-output, 163-165 
operating window, 781-783 
recycle, with, 785 
selecting variables, 216-218 
signal select, 710-712 
transfer function, 902 
series: 

block diagram, 944 
inverse response, 944-945 
model, 64-67,943-944 
transfer function, 944 
stability, without control, 902-906 
steady-states: 
calculating, 902-904 
multiple, 905 

stabilizing via control, 905 
Combustion: 
benefits for, 32-34 
excess oxygen control, 27 
fuel control, 500-501 
(See also Fired heater) 

Complex numbers: 
magnitude, 122,316-317,936-937 
phase angle, 122, 316-317,936-937 
polar form, 122,316-317,936-937 



Composition control: 
blending and mixing, 270,282, 
512-519,646-648 

chemical reactor, 37,216,438,475,835 
flash, 23, 537-544,768, 802-803 
{See also Distillation) 

Computation: 
analog, 257-258 
digital, 358-362 
Computer: 
analog, 257-258 
digital, 358-362 

control implementation, 365-367, 
974,983-989 

simulation, 82-84,422-425 
(See also Digital control) 
Computer-aided calculations, 82-84, 
421-422 
Conservation 
component, 53 
energy, 53, 898 
material, 53 

Constitutive relationships, 54 
Constraints, 26 
control, 715-720 
hard or soft, 767-770 
valve position control, 718-719 
{See also Operating window) 

Continual improvement, 859 
Continuous cycling, 342-343 
Continuous-flow stirred tank (CST): 
chemical reactor: 
heat-integrated, 785 
with recycle, 155-157 
{See also. Chemical reactor, stirred 
tank) 

heater, 76-80,253-257,458-461, 
483-486 

mixer, 186-187,223-225, 270,512 
Continuous-time variables, 98,212 
Control: 
algorithms: 

DMC, 735-748 
IMC, 590-600 
lead/lag, 485-486 
PID, 252 

Smith predictor, 600-603 
approaches, 228 
automated vs. manual, 228-231 
benefits, 28-35,425 
definition, 6 

design, 216-218, 823, 834 
feedback, 6-7,212,243 


Control— Cont. 
feedforward, 488 

objectives, seven categories, 20-25, 
768, 838 

{See also Model predictive control) 
Control design form, 768, 838 
Control objectives, 20,216,269, 768 
Control performance: 
best possible, 426-427,490 
control system factors, 433-440 
economic analysis, {see Benefits, 
control) 

faction dead time, 279,426-429 
factors affecting, 444 
by frequency response, 412^415 
measures, 219-223, 240-241 
multivariable systems: 
disturbance type, 667,677-679 
interaction, 616 

{See also Relative disturbance gain) 
process factors, 425-432 
robust, 268-269,411 
by simulation, 422 
Control system: 
hierarchy, 829 

layout, 9-10, 212-213, 359-361 
Control valve: 
characteristic, 520 
dynamics, 776 
failure position, 777 
range, 776 
selection, 217 
Controlled variable: 
selection of, 7-8,225,536,771-773, 
775, 787, 840 
Controller: 

dimensionless gain, 397 
error, 242-243 

execution frequency, 370,373 
flowchart, 403 

frequency response of, 325-326 
location, 9-10 
manipulated variable, 217 
measured variable, 216 
nonlinear, 517,567 

performance {see Control performance) 

sense switch, 396-397 

tuning: 

Ciacone, 278-286 
comparison, 347 
dynamic matrix, 750 
fine, 289-293 
goals, 268-269 



Controller— Cont. 
tuning— Cont. 

IMC, 598 
Lopez, 287 
multiloop, 638-646 
robustness, 268-269,338-341 
Ziegler-Nichols, 329-330,347 
Corner frequency, 323 
Critical frequency, 315 
Crossover frequency, 315 
CST (see Continuous-flow stirred tank) 


D 


Damping: 

coefficient, 138-139 
critically, 139 
overdamped, 139 
underdamped, 139 
Dead time: 

Bode plot, 324 
compensation, 600 
computer programming, 922 
definition, 103 
discrete, 977 

effect on performance, 426-427 
effect on stability, 334-337 
frequency response, 318 
Pad6 approximation, 913 
Decay ratio, 220 
Decentralized control, 616-617 
Decoupling: 
application criteria, 690 
designs: 

calculated controlled variables, 

685- 686 

calculated manipulated variables, 
684-685 

explicit controller calculations, 

686- 689 

performance, 689-690 
sensitivity to errors, 689-690 
(See also Interaction) 

Degrees of freedom: 
in control design, 217,460-461,708, 
711,778 

effect of control, 254,778 
in modelling, 54-55 
Derivative: 
approximation, 366 
definition of, 56 
filter, 402 


Derivative— Cont. 

Laplace transform of, 101 
mode: 

behavior, 249-252 
frequency response, 326 
noise transmission, 252,292-293 
time, 250 
z-transform, 978 
Design, control: 

control design form (CDF), 768-769, 
838-839 

controllability, 780-781 
degrees of freedom, 778 
dynamics: 
disturbance, 444 
feedback, 444 
loop pairing, 695 

operating window, 624-626,681,781, 
788-789 

procedure, integrated, 834 
process decomposition, 831 
sequence of steps, 823 
temporal hierarchy, 825 
Detuning factor, 678 
Deviation variables, 71,111 
Diagnostic: 
model, 183 
tuning, 290 
Difference equations: 
controllers, 367,493, 595,994-995 
discrete models: 
approximate, 923 
empirical, 188 
exact, 923,986 
Differential equations: 
discrete form, 188,923,986 
linearization of, 70-72 
numerical solution: 
error control, 84 
Euler, 83,423 
Runge-Kutta, 84 
solution by: 
integrating factor, 895 
Laplace transforms, 102 
Digital control: 
computing network, 359 
dynamic matrix control, 735 
internal model control, 595 
lead/lag, 493 

performance of PID, 367-369 
ringing, 370-371,982,992 
sampling: 

hold, types of, 364-366 
period selection, 369 



Digital control— Com. 
sampling— Corit. 
simulation, 423 
tuning modifications for, 370 
Dimensional analysis, tuning, 278-286 
Direct-acting feedback, 396 
Distillation: 
cascade control, 690 
composition control of: 
inferential, 545-549 
interaction in, 637 
operating window, 625-626 
relative disturbance gain (RDG), 
679-680 
tuning for, 648 
decoupling control, 689 
dynamic matrix control of, 746-747, 
754-756 

feedforward control of, 500-501 
industrial case study, 949-960 
modelling of: 
empirical, 62, 622-623 
fundamental, 157-163 
regulatory control of: 
energy balance, 664 
material balance, 665 
Distributed control system: 
advantages of, 361 
structure of, 359 
Disturbance: 
causes, 7 

interaction effects {see Relative 
disturbance gain) 

models, 220,224,415,444,496,666 
response, closed-loop: 
frequency response, 412-418 
simulation, 422-425 
Dominant variable, 779, 827 
Draining tank, 75-77,106-107 
Drawings, 12-13 
instrument symbols, 889-892 
process equipment, 892-894 
valve symbols, 892 
Dynamic compensation, 551 
Dynamic matrix control (DMC): 
approximate inverse for, 729 
controller formulation, 737-738 
discrete step process model, 730-734 
feedback signal, 740-742 
future prediction, 735 
horizon, 737 
model, step-weight, 730 
move suppression, 743 


Dynamic matrix control (DMC)— Corn. 
multivariable formulation, 744-748 
predictive structure, 728 
single-variable formulation, 738 
tuning, 750 
Dynamics: 

dead time, 103, 140, 324, 328 
first-order systems, 57,137, 323, 328 
integrating process, 140-141, 564-566, 
325,328 

recycle systems, 155, 840 
second-order systems, 138-140,324, 
328 

series systems, 143,328 

staged systems, 157 

{See also Modelling procedure) 
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E 


Economic value of control, 28-35 
Electrical circuit, 137, 138 
Emergency control systems, 20,230-231, 
794-799 

Empirical modelling: 
dead time, 144, 179-181,190 
diagnostics, 61, 183, 194 
experimental design for, 181, 188 
multivariable systems: 
open-loop, 197,622 
partial closed-loop, 629,670 
process reaction curve, 179 
signal-to-noise, 182 
six-step procedure, 176 
statistical method, 188 
use in control analysis, 280,338-343 
Energy balance: 
in modelling, 53-54, 898 
strategy in distillation, 664 
Energy reduction, control systems for, 23, 
716-717,791,861-866 
Environmental protection, 21,768, 797 
Equal-percentage characteristic, 521 
Equilibrium, ideal stage, 159 
Equilibrium, phase, 159,538 
Error: 

measures of control performance, 219 
in sensor measurement, 383, 773 
variable used by controller: 
model predictive, 585,741 
proportional-integral-derivative, 
242-243 
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Euler: 

identity, 934 

numerical integration, 83 
Evaporator, 676 
Evolutionary operation, 871 
Experimental modelling (see Empirical 
modelling) 

Exponential filter: 
analog, 390,393 
digital, 392,988 
predictive control, 593 
principle, 389 
External feedback, 399 
External variable, 54, 


F 


Factor, partial fractions, 107,931 
Factorization, model, 590 
Feasible region (see Operating window) 
Feedback control: 

block diagram for, 243,463,586,630 
components of loop, 212-213 
compared with feedforward, 488 
definition, 6 
negative, 6 

performance (see Control performance) 
pluses and minuses, 229 
positive, 142 

selecting variables in, 216-218,438, 
536, 775, 779, 828 
(See also PID; IMC; DMC) 
Feedforward control: 
algorithms for: 
digital, 492-493 
general derivation, 485 
lead/lag, 485-486 
transfer function, 488 
block diagram for, 489 
design criteria for, 487 
goal, 484 

digital implementation, 492 
examples: 

chemical reactor, 495 
distillation, 501 
fired heater, 499-500 
heat exchanger, 497-498 
feedback: 

combined with, 486,497 
comparison with, 488 


Feedforward control— Cont. 
perfect, 484 

performance guidelines: 
dynamic behavior, 491 
model error, 490 
stability, effect on, 488,502 
tuning, 493 
Fieldbus, 375 
Filtering: 
algorithms: 
continuous, 390 
discrete, 392,988 
aliasing in, 393 
low-pass, 390 
perfect, 390 

performance, effect on, 391 
reasons for, 389 
z-transform, 979 

Final control element, 5,10,212-213, 
226, 438, 776-777 
Final value theorem, 104,979 
Fine tuning, 289-293 
Finite difference, 366-367,493,923 
Fired heater: 
cascade control, 494 
feedforward, 522-524 
industrial case study, 961-972 
loop pairing, 694-695 
outlet temperature control, 29 
First-order system: 
continuous, 137 
discrete approximation, 922 
dynamic behavior, 59,137-138 
Bode diagram, 323 
example systems, 137 
frequency response, 328 
time-domain responses, 136 
series of: 

interacting, 145-148 
noninteracting, 143-145 
transfer function for, 144 
Flash process: 
alarms for, 795-796 
control design for, 802 
control objectives for, 20-25,768-769 
controllability of, 787-788 
degrees of freedom, 787-788 
dynamic response of, 803 
inferential control of, 537-541 
operating window, 788-789 
safety control, 794-799 



Flow: 
control, 13 
measurement, 387 
ratio, 499,684 
value, 80 

Forcing function, 895 
Frequency distribution, 31-35 
Frequency response, 121 
amplitude ratio, 121-122 
of basic systems, 323-326, 328 
Bode plot, 123 

closed-loop control performance, 
412-420 

computer program for, 317,421 
direct evaluation, 122 
phase angle, 121,123 
of series systems, 144,316-317 
shortcut from transfer function, 122 
in stability analysis: 

Bode stability, 314-316 
transient, complete, 119-120 
Furnace {see Fired heater) 


G 


Gain: 
controller: 
feedback, 245,587 
feedforward, 485 
nonlinear, 567 
frequency dependent, 315 
margin, 338 
process, 87 
disturbance, 224 
feedback, 224,254 
multivariable process, 627 
steady-state, 58 
Gain scheduling, 518,529 


H 


Heat exchanger: 
with bypass: 
feedback control, 784 
model, 76-80, 939-942 
numerator zero, 941 
recycle systems, 785 
transient response, 942 


Heat exchanger— Cont. 
cascade, 458 
dynamic model, 76-80 
feedback control transient, 256 
feedforward, 486 

linearizing characteristic, 523-524 
refrigeration, 475, 884-885 
steam condensing, 111 
stirred tank, 76-80 
Heaviside, 932 
Hierarchy, 476, 826, 829 
High signal select, 713 
Histogram, 29-31 
Hold: 

first order, 364 
zero-order, 364 
Holdup time, 562 
Horizon: 
input, 749 
output, 749 

Hydrocracker control, 753 


I 


Identification {see Empirical modelling) 
IMC {see Internal model control) 

Impulse function, 101 
Inferential control: 
block diagram, 537 
design criteria, 542 
design procedure, 543 
examples: 

chemical reactor, 549-552 
combustion, 552-554 
distillation, 545-549 
flash process, 537-541 
goal, 536 

multiple correlated measurements, 554 
Initialization: 
controller, 245,402 
filtering, 392 
Input: 

terminology for control, 6 
terminology for modelling, 53 
typical time functions, 220-222 
Input-output {see Cause-effect 
relationship) 

Input processing: 
conversion, 212-213, 387 
filtering, 389 
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Input processing— Cont. 
units, 388 
validity, 387 
Integral: 

Laplace transform of, 102 
numerical approximation, 366 
z-transform, 978 
Integral stabilizability, 692 
Integral error measures: 

IAE, integral of absolute value, 219 
IE, integral of error, 219,677 
ISE, integral of squared, 219 
ITAE, integral of product of time and 
absolute, 219 
Integral mode: 
advantage/disadvantage, 249 
equation for explicit mode, 248 
implicit (see Model predictive control) 
tuning constant, 248 
(See also Anti-reset windup) 

Integral windup (see Anti-reset windup) 
Integrating factor, 58,895 
Integrating process: 
dynamic behavior, 136 
general form, 140-141 
levels, 564 
stability, 307-308 
(See also Level control) 

Integrity, 637,672,692 
Interacting series, 145-148 
Interaction: 
block diagram, 624 
controllability, effect on, 627,651 
(See also Decoupling) 
definition, 620 

integrity, effect on, 672-674,692, 850 
measure of (see Relative gain array) 
modelling: 
empirical, 622 
fundamental, 621 

operating window, effect on, 624-626, 
789 

performance, feedback control: 
loop pairing, 671-681 
tuning, 682-683 
stability, effect on, 638 
transfer function, 629-630 
tuning, 641-646 
(See also DMC) 

Internal model control (IMC): 
digital form, 595,994 
filter for, 593 

model inverse, approximate, 590,994 
performance, 597 


Internal model control (IMC)— Cont. 
structure, 592 
tuning: 

for IMC controller, 598 
for PID controller, 609 
Inventories: 
control of (see Level) 
models for, 564-565 
reasons for and against, 562-563 
sizing, 562,572-574 
Inverse: 

approximate, 590 
exact model, 588,729-730 
feedback as, 588 
Inverse Laplace transform, 99 
Inverse response: 

control performance, 430-431,444, 
996-1000 

multivariable systems, 669-671 
open-loop, 152-155,943-946 
ISE (see Integral error measures) 
ITAE (see Integral error measures) 


J 

Jacketed reactor, 476 


L 

Lag (see First-order system) 

Laplace transform: 
applications: 
solving ODE, 102 
transfer function, 111 
of common functions, 100 
definition of, 98 
of derivatives, 101 
of integrals, 102 
partial fractions, 107,931-935 
properties, 98-99 
Lead: 

lead/lag algorithm, 485-486,595,687, 
923 

time constant, 152 
Least squares: 
as approximate inverse, 737 
assumptions in, 191 



Least squares— Cont. 
in design of dynamic matrix control, 
737-738 

empirical modelling, 188-190 
solution of linear problem, 191 
Level: 
control of: 
linear PI, 566 
nonlinear PI, 567 

control objectives, averaging and tight, 
563-564 

controller tuning, 568 
draining tank, 75-77 
inventory size, 572 
process model for: 
non-self-regulating, 140,565 
self-regulating, 75-77 
sensors, 577 

series processes, 574-576 
Limit cycle, 906 
Linear operator, 70 
Linear programming, 866-868 
Linearity, definition of, 70 
Linearization, 71-72 
control loop, 517-529 
effect on stability analysis, 275, 284, 
513-517 

Taylor’s series, 71 
Load {see Disturbance) 

Long-time behavior, 109, 119-121,306, 
936-937 

Low-pass filter, 390 

Low signal select, 710-713 

Lumped-parameter model, 47, 53 


M 

Manipulated variable, 207,212,218,226, 
243,276 

Manual operation, 228 
Mass, conservation of, 53 
Master controller {see Cascade) 

Material, conservation of, 53 
Maximum deviation, 221 
Maximum overshoot, 220 
Measured variable: 
accuracy, 383 {See also Filtering) 
linearity, 387 
range, 383-384 
reproducibility, 383 
sensor dynamics, 212-216,773 


MIMO {see Interaction, Multiloop 
control: Multivariable control) 
Mixing process, with dead time: 
control of, 270-277,413-415 
model of, 271 

Mixing process, three-tank: 
adaptive tuning for, 517-519 
control of: 

derivative-only, 249-251 
integral-only, 248 
internal model, 595 
proportional-integral-derivative, 
282-285, 330-332 
proportional-only, 245-248 
mismatch from true process: 
due to nonlinearity, 283-285, 
512-517 

effect on control performance, 
431-432 

effect on stability, 345-346 
model of: 
empirical, 186 
fundamental, 223-224 
input-output, 223 
Model predictive control (MPC): 
for cascade control, 606 
dead time, 606 
error, feedback, 585 
with feedforward control, 607 
filter for robustness, 592-593 
internal model control (IMC), 590 
perfect control, 587-588 
process inverse: 
approximate, 590 
exact, 587-588 

saturation of final element, 604 
Smith predictors, 600 
structure, 586 
transfer function, 592 
two-degree-of-freedom, 594 
zero-offset requirements, 587,593,601 
{See also DMC) 

Modelling procedure, 50 
approximate, 909 
empirical, 175 
fundamental, 53 
linearized, 71 
Moments: 
definition, 909 
for impulse response, 910 
use in correlations, 281,286-287, 336, 
598 

use in modelling, 912 
Monitoring, 23,799 



Move suppression factor, 743,749 
Multiloop control: 
block diagram for, 624,630 
comparison with single-loop, 616 
control performance: 
input forcing, 663-669 
interaction, 628 
interactive dynamics, 669-671 
operating condition, 663 
controllability, 626,651,780-781 
decoupling: 
lead/lag, 687 
model sensitivity, 689 
loop pairing, 671 
relative disturbance gain (RDG), 
677-681 

tuning, 646-649,682 
(,See also Control design, Interaction) 
Multivariable control: 
centralized: 

model inverse for, 729,738 
structure, 728 

(See also Dynamic matrix control; 
Multiloop control) 


N 

Negative feedback, 6,141-142,207,242 
Niederlinski criterion, 692,694-695 
Noise: 

effect on tuning, 275-276,292, 
915-920 

frequency content, 423-425 
signal-to-noise ratio, 182 
(See also Filtering) 

Noninteracting series systems, 143 
Nonlinear: 

control, 517,520,570 
process, effect on operating window, 
625-626,782,789 
process, effect on performance, 
283-285, 512 

saturation, 399-402,604,707,717 
(See also Linearization) 

Normal distribution, 30 
Numerical solution methods: 
for algebraic equations, 902-903 
for differential equations, 82-84 


Numerical solution methods— Cont. 
frequency response, 317,421 
for integrals, 366,917 
Nyquist, 314 


o 


Objective function, 271, 736, 743, 864, 
866,917 

Objectives, control, 20,268,768,838 
Offset, steady-state: 
definition, 218, 240 
with feedback control, 246, 249, 251 
with feedforward control, 488 
integral mode, 249, 587 
level control, 571 
On-off control: 
heating, 5,230 
model, 67-69 
One-way decoupling, 690 
One-way interaction, 631,636-637 
Open-loop operation, 228 
Open-loop transfer function: 

Gol( s )> 316 
terminology, 328 
Operability, 778 

Operating window, 26-27,226,440, 
625-626,720-721,789 
Optimization: 
constraints, 868 
control methods for: 
control design, 861 
direct search, 870 
model-based, 866 
in controller tuning: 
control objectives, 268,917 
correlations from, 281,284,598 
plant economics: 
effect of variance, 31,33 
profit contours, 31,43 
Order of system, 112 
Ordinary differential equations, 47,56, 
102 
Output: 

meaning for control, 6 
meaning for modelling, 53 
Overdamped, 138-139 
Overshoot, 219-220 



p 

Packed bed: 

cascade control, 471-473 
empirical model, 202 
feedforward control, 495-497 
Pad£ approximation, 913 
Pairing, loop, 671 
Partial control, 779, 827 
Partial fraction expansion, 107,932-935, 
980 

Performance, (see Control performance) 
Period of oscillation, 121, 222,315, 330, 
343 

Periodic behavior, 5,67, 343, 906 
pH control, 527,776 
Phase angle, 121-123 
Phase equilibrium: 
in distillation, 159 
in flash process, 538 
K values for, 538 
relative volatility, 159 
Phase margin, 340 
Physical realizability, 496, 588 
PI, PID (see 

Proportional-integral-derivative 

controller) 

Pneumatic: 
control valve, 213 
controller, 257 

signal transmission, 212-213, 891 
Polar form: 

complex numbers, 122,316-318,421 
frequency response for series systems, 
317 

Poles: 

definition of, 113 

effect of control on, 247, 254-256, 259, 
313 

effect on dynamic response, 109, 113, 
310 

effect of process design on, 141-142, 
151, 155, 157,425, 

440,564, 785, 902,906 
effect on stability, 109, 310 
Position (full) form of digital controller, 
367 

Predictive control (see Model-predictive 
control) 

Primary controller (see Cascade control) 


Process dynamics: 
effect on control performance, 415, 
426,438, 440, 663, 694 
effect on stability, 334 
effect of zeros, 152,939 
empirical modelling of, 196 
fundamental modelling of, 53 
linearized models, 74 
recycle process structures, 155 
series process structures, 152,939 
staged process structures, 157 
Process examples, guide, 925-929 
Process reaction curve, 179, 187 
Product quality, 23, 768 
Profit function (see Objective function) 
Proportional: 
controller mode, 245 
tuning constant, 245 
Proportional band, 398 
Proportional-integral-derivative (PID) 
controller: 

in adaptive control, 517 
in cascade control, 458,468-469 
derivative mode, 250 
effect on offset, 251 
effect on stability, 326 
digital form of controller, 367-369 
frequency response, of controller, 
366-367 

initialization, 245,402 
integral mode: 

effect on dynamic response, 249 
effect on offset, 249 
effect on stability, 325, 336-337 
windup, 399 
mode selection, 436 
output limits, 403 
proportional mode: 
effect of dynamic response, 245,272 
effect on offset, 245 
effect on stability, 246 
tuning: 

Ciancone, 281,286 
IMC.609 
Lopez, 287 
multiloop, 641-646 
selection, 347 
Ziegler-Nichols, 329, 347 
Proportional-only control, 245, 571 
Pulse, input function, 64, 101 



Q 

Quadratic dynamic matrix control, 751 
Quick-opening valve, 521 


R 

Ramp: 

input function, 93 
output response, 93 

Random variable, normal distribution, 30 
Ratio control: 
effect on stability, 519 
as feedforward, 499 
flow ratio, 499 
reset by feedback, 519,684 
Reactor (see Chemical reactor) 

Realizable, 496,588 
Real-time operating system, 360 
Real-time optimization (see Optimization) 
Reconstruction of signal, 362 
Recycle: 

advantages of, 155-157,785 
alternative source/sink, 832 
control of systems with, 785, 832, 
845-846 

effect of dynamic response, 156-157 
effect on stability, 156 
Refrigeration, 475,885 
Regression (see Least squares) 

Relative disturbance gain (RDG): 
integral error measure, 677 
loop pairing, 678-679 
tuning factor, 678 
Relative gain array (RGA): 
calculation, 634 
control integrity, 637,672 
definition: 
dynamic, 637 
steady-state, 633-634 
interpretations, 636 
loop pairing, 672-674, 695 
properties, 633-636 
stability, 637 
Relative volatility, 159 
Reproducibility, sensor, 383,773 
Reset (see Integral) 

Reset time, 398 


Reset windup (see Anti-reset windup) 
Resonant frequency, 414 
Reverse-acting feedback, 396 
Ringing controller, 368,992 
Rise time, 219 
Robustness: 

importance, 241,512 
performance, 268-269,919 
stability, 338,345 
tuning, 268,919 
Root locus, 312 

Runge-Kutta numerical integration, 83 


s 


Safety, 20-21 
alarms, 795 

basic process control, 794 
failure position of final elements, 386 
good practices, 797 
safety interlock system (SIS), 796 
safety valves, 797 
Sampling (see Digital control) 

Saturation of controller output, 398,604, 
707, 717 

Second-order system, 138-139 
Secondary controller (see Cascade) 

Select, signal: 
degrees of freedom, 710 
design criteria, 715 
tuning, 714 

(See also Constraints, control) 

Selection of variables: 
controlled variables, 216,773,827-828 
manipulated variables, 216,226,438 
measured disturbances, 487 
secondary cascade, 461 
Self-regulation, 141 
Sense (see Controller sense switch) 
Sensor: 
accuracy, 383 
cost, 772-773 
dynamics, 215,773 
flow, 387 

identification symbols, 889 
level, 892 

noise, 276, 389,424,879 
range or span, 383 
reliability, 387 



Sensor— Cont. 
reproducibility, 383, 111 
signal transmission, 890 
temperature, 388,536 
Separable differential equation, 58, 895 
Set point, 218,242-243,458,586 
Settling time, 220 
Shannon’s sampling theorem, 362 
Signal: 

conversion, 212 
analog to digital (A/D), 359 
digital to analog (D/A), 359 
electronic to pneumatic, 212 
digital transmission, 373 
dynamics, 213 
electrical transmission, 212 
pneumatic transmission, 212 
ranges, 213 
Signal-to-noise, 182 
Signal select, 710 
Simulation: 

closed-loop system, 423,916 
performance measures, 917 
process dynamics, 83-84 
(,See also Digital control) 

Sine input: 

amplitude ratio, 121-123 
first order, 123 
flow attenuation, 572 
typical input forcing, 136 
(See also Frequency response) 
Single-input single-output (SISO) (see 
Single-loop control) 

Single-loop control, 5-6, 208,218,243 
SIS (see Safety) 

Slave controller, 460 
Smith predictor: 
system structure, 600 
tuning, 602 
zero offset, 601 

(See also Model predictive control) 
Snowball effect, 847 
Split range: 

degrees of freedom, 706 
design criteria, 709 
tuning, 708 

(See also Constraints, control) 

Spring and dashpot, 137-138 
Stability: 
analysis: 

Bode, 314-317 

complex plane plots (see Root locus) 


Stability— Cont. 
analysis— Cont. 

Nyquist, 314 
pole calculation, 308-313 
root locus, 312-313 
simulation, 248 
chemical reactor, 902-906 
definition, bounded input-output, 
303-304 

effect of controller tuning, 312 
effect of process dynamics, 334 
effect of sampling period, 367-370 
feedforward, 488 
of linearized system, 305-308 
margin, 338-340 
multiloop, 630, 638 
Staged systems (see Distillation) 
Standard deviation: 
of averages, 394 
of data set, 30 
from set point, 221,466 
Statistical modelling, 189 
Statistical process control: 
capability index, 880-881 
goal of preventing disturbances, 876 
Shewart chart, 876 
specification limit, 881 
Steady state: 
error (offset), 240 
feedforward control, 488 
operating window, 625-626 
Steam heat exchanger: 
bypass, 784 
condensing, 777 
Steam system: 
boiler, 27, 862 
header, 862 
turbines, 885 
Steam trap, 777 
Step: 

input function, 58, 136-138, 162 
Laplace transform, 99 
test (see Process reaction curve) 
Stiffness, 84 
Stirred tank (CST): 

chemical reactor, 62,72, 85,438, 835, 
897 

heat exchanger, 76-80,458,486, 523, 
939-943 
mixer: 

one-tank, 52, 270,415 
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Stirred tank (CST)— Cont. 
mixer— Cont. 

three-tank, 186,223,282,422-424, 
512,595-596 

series reactors, 64,430,943 
typical assumptions, 52,899 
Stochastic control performance, 293,424, 
879 

Superposition, 70 
Surge tank, 119,562,572 
System definition, 52 
Systems analysis, 135 


T 


Target, 585-586 
Taylor series approximation, 71 
Temperature control: 
distillation, 545 

fired heater, 26,31,473,500,552,961 
flash drum, 21,538,802 
stirred tank, 252-523 
Three-mode controller (see 

Proportional-integral-derivative 

controller) 

Time constant: 

empirical estimation, 179-180 
relation to process, 74,137,271,900, 
942,944 

series of, 143-145 
Time delay (see Dead time) 
Thermocouple, 388,526 
Thermowell, 940 
Transfer function: 
closed-loop, 244,462,488,586, 
629-630 

controller, 252-253 
definition, 111, 118,983 
disturbance process, 224,415,666 
feedback process, 224,270-271,622, 
666 

instrument, 213 
matrix of, 624 

poles of, 113,255,259,312-313 
zeros of, 113,152 
Transient (see Dynamics) 

Transmission interaction, 629 
Transportation delay, 103-104 
Tray, distillation, general balances, 159 


Tuning, feedback controller: 
digital PID control, 370 
dynamic matrix control, 750 
effect of process on, 281,334,564-566, 
645 

internal model control, 598 
multiloop PID, 645,682 
objectives (see Control, objectives) 
Smith predictor, 602 
stability margin: 
gain margin, 338 
phase margin, 340 
(See also Proportional-integral- 
derivative, tuning) 

Tuning, feedforward controller, 496 


u 


Ultimate controller gain, 330,993 
Ultimate period, 330 
Underdamped process, 85,138-139, 
253-256, 899-903 
Unstable systems: 
closed-loop system, 308-317 
process without control, 307-308, 
899-907 

Unsteady-state (see Dynamics) 
Utility systems: 
fuel gas system, 501,810-811 
hot oil, 885 
steam system, 862 
(See also Refrigeration) 


V 

Validation, model, 60-61 
Valve: 

automated control: 
capacity, 217,226,385,438-441, 
625-626 

characteristic, 520 
dynamic response, 213 
failure position, 386 
pneumatic power, 212-213 
range, 385 
manual, 228, 892 
positioner, 474 
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Valve —Corn 
safety relief, 797 
stem, 81,213, 474, 520 
Valve position controller, 718 
Variable: 
continuous, 98 
dependent, 56, 254 
deviation, 71,111 
discrete, 188-189, 365, 973 
external, 56, 254 
manipulated, 5,208, 213,217 
Variable structure: 
constraint control, 715 
multiple controllers, 716 
signal select, 710 
split range, 706 
valve position control, 718 
Variance: 
definition, 30 

measure of performance, 221-222 
Velocity form, controller, 367 


w 

Weir, 159 

Wild stream, 499, 684 

Windup, reset (see Anti-reset windup) 


z 


z-transform, 973-975 
table, 975 

Zero, sensor signal, 388 
Zero-order hold, 364,985 
Zeros of transfer function: 

cancellation of pole and zero, 113 
effect on dynamic response, 152,943 
effect on stability, 113 
Ziegler-Nichols: 

closed-loop tuning, 329, 342-343 
open-loop tuning, 347 
process reaction curve, 179-180 
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